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Abstract

While aspect-based sentiment analysis (ABSA) has gained significant progress in the identification of
explicit opinion targets, the more challenging case, implicit aspects, has not been sufficiently studied.
Implicit aspect extraction is particularly challenging as it relies on contextual and semantic cues and
requires systems to infer what reviewers mean rather than just say. In this paper, we propose a four-
component hybrid solution for explicit and implicit aspect extraction that formulates aspect extrac-
tion as a controlled text generation task. The solution combines: (i) a fine-tuned decoder-only large
language model as a generative baseline, (ii) an iterative residual generation strategy that recovers
multiple aspects through successive regeneration passes, (iii) paraphrase-based input transformation
to broaden the contextual signal, and (iv) domain-specific knowledge graphs activated by linguistic
signals to infer implicit aspects. The novelty is not in the individual components themselves, but in
the principled orchestration of these components and the gating logic for when each stage is activated.
Extensive experiments are conducted on eight benchmark ABSA datasets in both English and Arabic
including SemEval 2014, 2015, 2016, ACOS and M-ABSA for English and SemEval 2016, HAAD, and
M-ABSA for Arabic. The proposed solution consistently outperforms strong baseline methods and re-
cent state-of-the-art models on English datasets with F1-scores of 0.8533, 0.713, 0.7859, 0.793 and 0.664
respectively, and F1-scores of 0.7336, 0.4765 and 0.7601 on Arabic datasets respectively. These results
demonstrate the effectiveness of generative modeling, iterative generation, paraphrasing and struc-
tured knowledge for aspect extraction, and the potential of the proposed approach for implicit aspect
identification in particular for morphologically rich and low-resource languages such as Arabic.

Keywords: implicit aspect extraction; transformers architecture; transfer learning; text paraphrasing;
knowledge graphs

1. Introduction

When a reviewer writes “the laptop feels like carrying a brick,” they are not describing the lap-
top’s material composition — they are complaining about its weight, an aspect never mentioned by
name. Humans decode such expressions effortlessly through pragmatic inference and world knowl-
edge; automated systems, for the most part, do not. This gap sits at the heart of opinion mining.

The volume of opinion-bearing text produced online — reviews, ratings, and commentary on
products, services, and public issues — represents an extraordinarily rich source of behavioral insight
for researchers and practitioners alike. Sentiment analysis (SA) was developed to exploit this resource
systematically, with the goal of modeling the subjective orientation expressed in natural language text.
Document- and sentence-level SA methods, however, assign a single polarity to an entire text, obscur-
ing cases where a reviewer simultaneously praises one feature and criticizes another. Aspect-based
sentiment analysis (ABSA) addresses this limitation by decomposing opinion into its constituent tar-
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gets: discrete product or service features — such as battery life, performance, food quality, or service
— each carrying its own sentiment value.

ABSA subsumes two interdependent sub-tasks: aspect extraction, which identifies the features
being evaluated, and aspect sentiment classification, which assigns a polarity label to each identified
feature. Within aspect extraction, the distinction between explicit and implicit aspects is of particu-
lar consequence. Explicit aspects appear verbatim in the text, as in “The screen is bright.” Implicit
aspects, by contrast, must be inferred from contextual and pragmatic cues: “The laptop is heavy” im-
plicates weight without naming it. Models lack the world knowledge and pragmatic reasoning this
inference requires, making implicit aspect extraction a persistently difficult problem — and one that
is too pervasive in authentic reviews to ignore.

The research community has formalized interest in aspect extraction through several benchmark
shared tasks, most notably SemEval-2014 Task 4 !, SemEval-2015 Task 12 %, and SemEval-2016 Task 5 °
, which established widely adopted evaluation protocols. Complementing these, a number of datasets
supporting the aspect term extraction (ATE) sub-task have been introduced, including ACOS * and the
recent multilingual benchmark M-ABSA ° . Methodological approaches have evolved in parallel: early
work relied on statistical and feature-based machine learning [1-5], before the field shifted toward
deep learning [6—10]. More recently, large language models (LLMs) have demonstrated substantial
gains across NLP tasks and are increasingly being evaluated for ABSA [11-13].

Several challenges, however, remain unresolved. First, a single sentence may implicate multiple
aspects simultaneously: “The place was loud and overpriced” conveys opinions about both ambience and
price without naming either. Second, the same opinion word may index different aspects depending
on domain: “fast” implies service in a restaurant context but performance in a laptop review. Third,
annotated corpora that label implicit aspects explicitly remain scarce — particularly for Arabic — con-
straining both the availability of supervision and the scope of evaluation. These challenges motivate
the research questions addressed in this work.

The contributions of this work are as follows:

*  We propose an iterative residual generation strategy for generative aspect extraction, in which the
model performs successive generation passes over a progressively masked input, enabling re-
covery of aspects missed in single-pass decoding. A paraphrase-based input strategy further
broadens the contextual signal available at each pass.

¢  We introduce lonely adjective detection as a linguistically motivated gating signal that selectively
activates knowledge-graph inference when opinion-bearing adjectives lack an explicit syntactic
noun head — a surface configuration strongly associated with implicit aspect expression.

*  Weextend the full pipeline to Arabic, incorporating morphology-aware adaptations at each stage
to accommodate the language’s rich inflectional structure.

*  We provide empirical evaluation across eight English and Arabic benchmarks, with ablation stud-
ies isolating the contribution of each pipeline component.

2. Background and Preliminaries
2.1. Text Paraphrasing

Text paraphrasing — the reformulation of a source expression into alternate wording while pre-
serving its meaning — is a well-established technique in natural language processing, with applica-

tions spanning data augmentation, machine translation, and question answering [14]. In the context
of aspect extraction, paraphrasing serves a distinct purpose: by introducing syntactic variation while

https://alt.qcri.org/semeval2014/task4/
https://alt.qcri.org/semeval2015/task12/
https://alt.qcri.org/semeval2016/task5/
https://github.com/NUSTM/ACOS
https://github.com/swaggy66/M-ABSA
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holding semantics constant, paraphrased inputs can surface implicit aspects that remain latent under
a single syntactic realization.

2.2. Knowledge Graphs

A knowledge graph (KG) represents facts as typed nodes and relations, formalized as triples
(h,r,t), enabling models to reason over entities and their neighborhoods rather than isolated tokens.
For implicit aspect extraction, a KG provides grounded opinion-to-aspect mappings that purely data-
driven models cannot reliably infer from distributional statistics alone.

General-purpose resources fall short for this task. Topic models such as LDA [15] produce soft
probabilistic assignments rather than precise mappings; in our preliminary experiments, their sig-
nals consistently degraded extraction performance. WordNet [16] and its Arabic counterpart [17]
lack domain-specific opinion-to-aspect coverage. ConceptNet [18] encodes broader commonsense re-
lations and has been applied to sentiment analysis [19,20], but its knowledge is domain-general, its
Arabic subgraph is sparse, and its undirected relations lack the domain hierarchy needed to resolve
ambiguous opinion words across domains (e.g., slow mapping to SERVICE#GENERAL in restaurants ver-
sus LAPTOP#PERFORMANCE in laptop reviews). Domain-specific KGs have demonstrated more consis-
tent ABSA gains [20-23]; the KG constructed in this paper follows that direction, encoding directed,
domain-specific opinion-to-aspect mappings derived from training data.

2.3. Arabic NLP and Its Challenges

Arabic presents several NLP challenges due to its extensive inflectional morphology, whereby
one word may have many surface forms based on gender, number, and syntactic position. Three
challenges are of direct relevance to this work.

Orthographic inconsistency. Writers inconsistently interchange letters such as < | with |, s with
¢, and 4 with 4, causing the same term to appear in multiple surface forms [24]. Left unaddressed,
this variability causes identical aspect terms to be treated as distinct tokens during model inference,
paraphrase comparison, and knowledge graph lookup.

Diacritics. Short vowels alter meaning fundamentally (e.g., <8 wrote vs. < books) yet are rou-
tinely omitted in informal text, introducing systematic ambiguity that complicates morphological anal-
ysis and aspect matching.

Dialectal variation and resource poverty. Arabic social media largely follows dialectal rather
than Modern Standard Arabic (MSA) conventions, for which syntactic analyzers and domain lexicons
remain scarce. No large, publicly annotated Arabic dataset for implicit aspects exists, constraining
both model training and evaluation.

These challenges directly motivate the Arabic-specific design decisions described in Section 4.2.

2.4. Research Questions
This work addresses the following research questions:

1. How can a generative model be adapted to recover multiple implicit aspects from a single sen-
tence, where each opinion expression must be mapped to its corresponding aspect?

2. How can domain-ambiguous opinion words be resolved to their intended aspect targets across
different review domains?

3. To what extent does instruction-tuned generative modeling improve implicit aspect extraction
performance relative to prior approaches?

4.  Does paraphrase-based input diversification yield measurable gains in implicit aspect recall, and
under what conditions?

3. Related Work

In 2014, the research community devoted substantial effort to characterizing the ABSA task, lead-
ing to the release of benchmark datasets and shared evaluation settings. This review focuses on Arabic
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ABSA, and emphasizes deep learning, hybrid, and large language model (LLM)-based approaches,
which currently dominate aspect extraction research. Non-Arabic studies are limited to recent work
that targets implicit aspect extraction. The reviewed studies are grouped into deep learning methods
and hybrid approaches that integrate neural models with structured or symbolic components.

3.1. Deep Learning Approaches

The adoption of deep learning marked a significant shift in aspect extraction by enabling mod-
els to capture richer contextual representations. In Arabic, early neural architectures applied CNNss
[25] and hierarchical BiLSTMs [26], followed by models combining CNNs with LSTMs [27] or GRU-
based architectures with bilingual embeddings [6]. More recent work incorporated transformer-based
encoders, including multi-task extensions such as MTL-AraBERT for joint aspect extraction and sen-
timent classification [28].

Transformer architectures have since become central to Arabic ABSA. AraBERT has been inte-
grated with stacked LSTM-GRU layers and attention mechanisms [7], CRF-based tagging pipelines
[29], and sequence-to-sequence models generating aspect—sentiment pairs [30]. Domain-adaptive fine-
tuning has also proven effective, as demonstrated by CAMeLBERT for noisy and dialectal text [8].
Comparative evaluations consistently show transformer-based models outperforming recurrent neu-
ral architectures.

Beyond Arabic, deep learning has driven substantial advances in aspect extraction. BERT-based
embeddings have been combined with CNN, BiLSTM, RCNN, and attention mechanisms [31], ensem-
ble BiLSTMs [32], topic-aware CNNs [9,10], and graph convolutional networks [33]. Further refine-
ments include attention-augmented BiLSTMs [34,35], BILSTM—-CRF architectures [36], and domain-
adaptive BiLSTMs with multi-head attention [37]. Additional contributions include span-level joint
extraction models [38], constituency-aware architectures [39].

3.2. Deep Learning Approaches for Implicit Aspect Extraction

While most deep learning research focuses on explicit aspects, a smaller body of work directly
targets implicit aspect extraction. Soni and Rambola [40] combined recurrent neural networks with
semantic similarity measures derived from WordNet and spaCy to map opinion expressions to latent
aspects. More recent studies have explored LLMs, with [11] evaluating GPT-3.5 and GPT-4 for aspect
category detection and demonstrating that prompting and fine-tuning strategies can capture implicit
signals. Similarly, [41] employed BERT in a zero-shot setting to address multiple ABSA subtasks,
including implicit categories. Data augmentation strategies, such as Word2Vec-based replacements
in [42], aimed to enrich training signals, although their impact remained limited.

3.3. Hybrid Approaches

Hybrid approaches integrate neural models with symbolic, statistical, or structural components
to enhance robustness. In Arabic, early hybrid work integrated stacked LSTMs with logistic regression
for aspect classification [43]. Ontology-driven and neural hybrid designs have also been explored, in-
cluding BiLSTM—-CRF and BiGRU-CRF pipelines combined with fastText or AraBERT embeddings
[44-48]. These models leverage recurrent encoders with structured decoders to better capture se-
quence dependencies. More recent expansions include pseudo-labeling with ChatGPT prior to trans-
former fine-tuning [49] and pipelines combining BERTopic clustering, CAMeLBERT sentiment analy-
sis, and AraBART summarization [12].

Beyond Arabic, hybrid approaches have similarly evolved. Some combine syntactic rules with
BERT embeddings and neural classifiers [50], while others extend encoder—decoder architectures with
contrastive learning for structured quadruple extraction [51].

3.4. Hybrid Approaches for Implicit Aspect Extraction

A limited but growing body of hybrid research directly addresses implicit aspect extraction.
Ahmed et al. [52] combined topic modeling with BERT to learn implicit aspect-specific representa-
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tions, while Feng et al. [53] and Lazhar [54] integrated CNNs and association rules to link opinion ex-
pressions to hidden aspects. More recent work has shifted toward transformer-based hybrids. Li et al.
[55] introduced generative T5-based frameworks augmented with graph neural networks and prompt
fusion, surpassing earlier ACOS baselines. Other studies proposed multi-stage pipelines combining
BERT embeddings, semantic similarity, and classical classifiers [56], frequency—syntax—-CRF frame-
works addressing both explicit and implicit aspects [57], and representation-driven hybrids such as
WoSe [58] employed dual-level encoders and CRF decoding to better capture implicit aspects, while
prompting and synthetic augmentation strategies using large language models were explored in [59].

3.5. Critical Assessment and Research Gap

Three gaps emerge from this review, first, Arabic ABSA research overwhelmingly targets explicit
aspects. The few studies engaging with implicit aspects in Arabic [11,41,42] address category detec-
tion or label augmentation rather than proposing a dedicated implicit-to-aspect inference mechanism.
Second, even with transformer and LLM-based models, current solutions typically rely on one-shot in-
ference and model-internal reasoning, which limits their ability to recover multiple or implicit aspects.
Third, while KG-augmented inference has been explored in English [55], no prior work constructs an
Arabic-specific knowledge graph for implicit aspect extraction, leaving this pathway entirely unex-
plored for Arabic. These gaps motivate the proposed solution.

4. Methodology

embedding vector

Baseline Model

Input transformation Module
n versions of the mnput

- " (Original + Paraphrased) Generative model
input = - - @ .
F7 i — = Iterative . predictions
== Input pusphrased Generation /07 explicit aspects
s _—u R —
input senfence  paraphrasing
prompt
Final
—— —» predicted
In case of Knowledge Graph aspects
PUSSIVbIVE Normalize, Aggregate, Filter
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aspects | | o |
"""""""""""""" ] KG prediction
Jor implicit aspects

Figure 1. Model architecture.

This section presents the proposed four-component pipeline for explicit and implicit aspect ex-
traction. The pipeline comprises: a fine-tuned decoder-only baseline model (BL) that provides the
generative foundation; an iterative residual generation component (IG) that progressively recovers
multiple aspects from a single sentence; a paraphrase-based input variation module (PARA) that en-
forces cross-wording agreement and reveals latent aspects; and a domain-specific knowledge graph
(KG) that provides structured opinion-to-aspect mappings for implicit aspect inference. The overall
architecture is illustrated in Figure 1.

This section is organized as follows: each component is described in detail, followed by the end-
to-end inference procedure that formalizes their interaction, and concluding with the Arabic-specific
adaptations and preprocessing steps required to extend the pipeline to Arabic.

4.1. Proposed Solution Components
4.1.1. Baseline Model: Fine-Tuned Generative Model

A decoder-only LLM is fine-tuned for aspect extraction using instruction-based supervised fine-
tuning (SFT). Each training instance is formatted as an (instruction, sentence, aspect) triple using the
following prompt template:

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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Below is an instruction that describes a task, paired with an input sentence. Write a
response that appropriately completes the request.

### Instruction: {instruction}
### Sentence: {sentence}

### Aspect: {aspect}
The instruction field is fixed across all instances:

Act as an Natural Language Processing expert. Extract aspect term(s) explicitly mentioned in the sentence.
Only return terms that appear verbatim; do not infer or invent related words. If no aspect is found, return
“none”.

Aspect extraction is framed as text generation: the model produces explicit aspect terms present
in the input, or returns none. This fine-tuned model serves as the baseline (BL) component. At infer-
ence, the same template is used with the Aspect field left empty for the model to predict.

4.1.2. Tterative Residual Generation

Iterative residual generation decomposes multi-aspect extraction into successive generation
rounds. After each round, the extracted term is masked from the input, redirecting the model’s atten-
tion to the remaining content. Each round targets the residual left by previous rounds, with extraction
terminating when the model produces a null output.

This design resolves a structural limitation of beam search, which biases toward the most salient
aspect regardless of beam width, since all beams are conditioned on the same unmodified input [60].
Masking extracted terms between rounds removes this attractor at each step, producing a monotonic
increase in recall that beam search cannot achieve.

4.1.3. Input Transformation via Paraphrasing

Several paraphrases are generated for every sentence, and each one is processed through the same
iterative generation process. The predictions are then combined and filtered such that retained aspect
terms must either explicitly appear in the original sentence or satisfy a set of validation constraints,
including a minimum semantic similarity to the original sentence and sufficient agreement across
paraphrases. These consistency checks allow the fine-tuned model to recover latent aspects while
suppressing generative drift.

Paraphrases are generated using the GPT-4.1-mini model [61]. For each input sentence, ten para-
phrases are requested using the following prompt:

“Act as an expert linguist in English. Give 10 different paraphrases to the following text in English,
trying to explicitly state every noun described in the sentence. Only include the paraphrased sentence
with no additional text before or after.”

4.1.4. Knowledge Graph for Implicit Aspect Identification

While the preceding components target explicit aspect extraction, many opinionated sentences
convey sentiment without naming an aspect term. In such cases, the fine-tuned generative model
may correctly return NULL, indicating the absence of lexically grounded aspects. A NULL output,
however, may correspond either to an objective sentence or to an implicit-bearing sentence where the
aspect is expressed indirectly through evaluative clues; distinguishing between these cases requires
reasoning beyond direct extraction.

Accordingly, the KG component is activated conditionally: when the generative component re-
turns NULL, the KG component scans the input sentence for implicit aspect clues. It searches for two
categories of cue: lonely adjectives, sentiment adjectives that syntactically modify no explicit noun in
the sentence; and verb-phrase clues, sentiment verbs that signal an evaluative stance without naming an
aspect. When at least one such cue is detected, the component maps it to a domain-consistent aspect
concept. When no cue is detected, the component produces no implicit prediction for that sentence.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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Knowledge Graph Structure

The KG represents domain knowledge using four vertex types: domains, entities, aspects, and clues.
Clue vertices correspond to opinion-bearing expressions detected in text, while aspect vertices repre-
sent semantic aspect concepts, grouped under higher-level entity vertices and ultimately associated
with domain vertices. The graph encodes three primary relationship types: entity is_relevant_to domain,
aspect belongs_to entity, and clue describes_aspect. This layered structure enables multi-hop reasoning
from surface-level clues to domain-specific aspects.

The full formal definition of the KG, relation composition, and algorithmic details are provided
in Appendix A.1.

Knowledge Graph Construction

Both English and Arabic KGs share the same hierarchical structure, constructed by extracting
opinion clues from review texts and aligning them to aspects, entities, and domains via training set
labels. For English, lexical coverage was expanded with synonyms, antonyms, and related expres-
sions across adjectives, verbs, nouns, and interjections that function as implicit opinion signals (e.g.,
clean, spotless, filthy — CLEANLINESS). For Arabic, clue nodes group multiple lexical realizations under
unified concepts to accommodate nominalized and derivational forms (e.g., <)% g 38 axe dil —
CLeANLINESS), and evaluative constructions are captured directly (e.g., ¥ 3aiw =l — Prices). Figure 2
shows a KG subgraph and Table 1 reports the scale of both KGs.
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o ‘

c\eanlmess

@ 7 CS o et
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|
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Figure 2. A subgraph of the English KG. Domain vertices: green; entity vertices: yellow; aspect vertices: blue;
clue vertices: pink.

Table 1. Knowledge graph statistics.

Coverage Edges
Domains Entities Aspects Clues describes_aspect  belongs_to_entity  is_relevant_to_domain  Total
English KG 7 85 136 1,179 2,630 301 71 3,435
Arabic KG 8 89 3,258 3,255 5,026 * 5,026 * 5,026 * 5,026

* In the Arabic KG, clue-to-aspect, aspect-to-entity, and entity-to-domain mappings are encoded within a single unified edge
structure rather than as separate edge types, yielding identical counts across all three relation columns.
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Algorithm 1: End-to-End Inference for Explicit and Implicit Aspect Extraction

Input :s: input sentence; M: fine-tuned generative LLM; G: domain knowledge graph; R: maximum IG
rounds; N: number of paraphrases; 7: similarity threshold; min_consensus: minimum prediction
agreement across paraphrases

Output : A: final set of extracted aspects

A+—Q; // Final aspect set

2 C+©; // Intermediate aspect predictions

// Step 1: Generate paraphrases

P+ {s};

fori < 1to N do

pi < LLM(ParaphrasePrompt(s));

P+ PuU {pi};

// Step 2: Iterative generation over original and paraphrases
oreach x € P do

8 x < x;

9 forr < 1to R do

// Prompt the fine-tuned model to generate a prediction
10 a < M(GeneratePrediction(x'));

1 if a = none then

12 L break;

13 C+ Cuf{a};
// Remove the extracted terms from the sentence
14 x" + Remove(x’, a);

o w R W -

9
-

// Step 3: Paraphrase agreement and semantic filtering

15 C' + @;

16 foreacha € C do

17 sim < SemanticSimilarity(a,s);

18 votes +— consensus(a, P) ; // number of paraphrases giving this prediction
19 if sim > T A\ votes > min_consensus then

20 | €'« CU{a};

// Step 4: Knowledge-guided implicit aspect inference

21 L < IdentifyClues(s) ; // search for cues in s
22 if L # @ then

23 I <+ Algorithm 2(s, P, G);

24 C'«Cul

// Step 5: Deduplication and normalization
25 A + NormalizeAndDeduplicate(C');
2 return A

o

4.1.5. End-to-End Inference Procedure

Algorithm 1 presents the end-to-end inference procedure of the proposed solution. Given an
input sentence, the solution first generates paraphrases to introduce syntactic variation while preserv-
ing meaning, then applies iterative residual generation jointly to the original sentence and its para-
phrases, allowing the fine-tuned model to recover multiple explicit aspects missed under single-pass
decoding. The resulting candidate pool is filtered through semantic similarity and paraphrase con-
sensus constraints to discard spurious predictions. In parallel, the KG component scans the sentence
for opinion-bearing clues with no syntactic noun head, operating as an independent implicit aspect
identification path that maps each detected cue to a domain-consistent aspect. Finally, all candidates
are normalized, deduplicated, and aggregated into a unified output set.

4.2. Arabic Adaptation

The Arabic adaptation addresses the challenges identified in Section 2.3 through four preprocess-
ing steps applied uniformly across all components.

1.  Clitic segmentation: Aspect clues frequently appear inside affixed tokens (e.g., J=sbis). CAMeL
Tools [62] separates functional prefixes from content-bearing stems (s5+ <+ Jtaul — Jlaul — lemma
=), ensuring aspect cues are not obscured by affixation.

2. Orthographic normalization: Segmented tokens undergo hamzah unification (<! <1 — 1), diacritic
and tatweel removal, Unicode normalization, and feminine ending (¢) removal from adjectives,
ensuring consistent token identity across all pipeline components.
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Lexical clustering: Semantically related surface forms sharing a common referent (e.g., ¢ = ¢ jta

«s\& adi ) are unified to a single aspect target (e.g., Prices), reducing sparsity in knowledge graph

lookups and evaluation matching.

Morphological disambiguation: CAMeL-derived lemmas are matched against knowledge

graph clue nodes, ensuring that inflected variants across gender and number (<ikio 4idio Ul

map to the same canonical form, increasing clue coverage without manual enumeration of in-

flected forms.

5. Experimental Study

5.1. Experimental Setup

5.1.1. Implementation Details

A decoder-only large language model, Llama-3-8B [63], was fine-tuned on task-specific datasets
using a parameter-efficient fine-tuning (PEFT) method, specifically LoRA [64]. Under LoRA, the pre-
trained model parameters are kept frozen, while low-rank adaptation layers are introduced and opti-

mized during the training.
Fine-tuning was performed on an NVIDIA A100 SXM4 GPU with 40 GB VRAM, accessed via
Google Colaboratory with the High-RAM runtime enabled. The High-RAM runtime is required at

LoRA rank r = 128.

Hyperparameter configurations shown in Table 2 followed the configuration of Neveditsin et al.

[59], who fine-tuned the same LLM backbone under an identical parameter-efficient fine-tuning setup

and reported competitive results, providing a well-validated starting point for our experimental con-

ditions.
Table 2. Fine-tuning hyperparameters.
Component Setting
LoRA rank (r) 128
LoRA alpha 32
LoRA dropout 0.1
Batch size (per device) 8
Gradient accumulation 1
Warmup steps 2
Max training steps Dataset-dependent *
Learning rate 1x1074

Optimizer

Eval strategy
Save strategy
Model selection

paged_adamw_32bit

steps, every 200 steps

steps, every 200 steps
load_best_model_at_end=True,
metric_for_best_model=eval_loss

* Corresponds to roughly 4-6 epochs depending on dataset size.
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Table 3. Software environment and NLP tools.

Component Version / Details

Runtime

Operating system Ubuntu 22.04 LTS

Python 3.12.13 (Colab default)

PyTorch 2.10.0 (CUDA 12.1 build)

CUDA toolkit 12.1 (Colab-managed)

NVIDIA driver 535.x (Colab-managed)
Fine-tuning

Transformers 4.40.0 (HuggingFace)

PEFT 0.10.0 (HuggingFace)

TRL 0.8.6 (HuggingFace)
BitsAndBytes 0.43.1 (4-bit quantization)
Unsloth 2024.x (LoRA optimization)
Accelerate 0.29.3 (HuggingFace)
Paraphrasing

OpenAl API Chat Completions (GPT-4.1-mini)
NLP Processing

spaCy 3.7.x (en_core_web_sm)

Stanza 1.11.0 (tokenize, pos, lemma, depparse)
CAMeL-Tools 1.5.2 (MLE disambiguator)
SentenceTransformers paraphrase-multilingual-MinilM-L12-v2

Table 3 lists the full software environment and NLP tools used across all experiments.
The implementation of the proposed solution, including training, inference, and evaluation
scripts, is publicly available at https://github.com/LujainAlawwad/ImplicitAspectExtraction

5.1.2. Datasets

We evaluate the proposed solution on both English and Arabic ABSA benchmarks. For English,
we use the SemEval 2014, 2015, and 2016 shared-task datasets, ACOS, and the English portion of the
Multilingual ABSA dataset (M-ABSA). The Arabic evaluation covers the SemEval 2016 Arabic Hotel
reviews, the Human Annotated Arabic Dataset (HAAD) © of book reviews, and the Arabic portion of
M-ABSA; all datasets are publicly available. Tables 4 and 5 summarize review-level statistics for all
splits, distinguishing explicit, implicit, mixed, and objective sentences.

Table 4. English ABSA datasets used in our experiments. All counts are at the review level. #Mix.: sentences
containing both explicit and implicit aspects.

Dataset Domain  Split #Reviews #Expl. #Impl. #Mix. #Obj.
Rest. Train 3041 2021 1020 0 0
SE14 Rest. Test 800 606 194 0 0
Lapt. Train 3045  1488* 0 0 1557
Lapt. Test 800 422 378 0 0
SE15 Rest. Train 1315 818 302 0 195
Rest. Test 684 401 180 0 103
SE16 Rest. Train 2000 1210 498 0 292
Rest. Test 586 419 167 0 0
Rest. Train 1701 1225 476 0 0
Rest. Test 583 412 171 0 0
ACOS Lapt. Train 2485 1710 775 0 0
Lapt. Test 816 645 171 0 0
Multi Train 8796 5043 1864 323 1566
M-ABSAen  \uli Test 3794 2564 986 171 73

* 1488 subjective sentences; official labels do not annotate aspect categories.

6 https://github.com/msmadi/HAAD
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Table 5. Arabic ABSA datasets. Statistics as in Table 4.

Dataset Domain Split #Reviews #Expl. #Impl. #Mix. #Obj.

SE16 Hotel  Train 4776 4445 331 0 0
Hotel  Test 1225 1029 196 0 0
Books Train 1198 1187 11 0 0
HAAD Books  Test 299 299 0 0 0
Multi  Train 8792 5005 1893 328 1566
M-ABSAqr Multi Test 3793 2504 1039 177 73

5.1.3. Evaluation Metrics

Explicit and implicit aspects require separate evaluation protocols and cannot be collapsed into
a single overall score: explicit sentences carry a surface aspect term that the model must identify,
whereas implicit sentences carry only an abstract Entity#Aspect category with no surface mention
to extract. We therefore report two metrics throughout: Metric A for explicit aspect extraction and
Metric B for implicit aspect identification via the KG module.

We evaluate system performance using micro-precision (P), micro-recall (R), and micro-F; score
(Fp), which are the standard metrics for assessing aspect-based sentiment analysis performance. These
metrics are computed globally by aggregating true positives (TP), false positives (FP), and false nega-
tives (FN) over all predictions:

TP TP 2PR

F=-— )

P=1p7m R=TPrEN’ P+R

Metric A: Explicit Aspect Extraction.

For explicit aspect-bearing sentences, predictions are compared against the surface-level aspect
field of the gold annotations using micro-P/R/F;. A predicted aspect term is counted as a true posi-
tive if it matches a gold aspect term, with a one-to-one matching constraint ensuring each prediction
matches at most one gold term and vice versa.

Metric B: Implicit Aspect Identification.

The gold annotations of implicit sentences carry NULL in the aspect field but provide a complete
Entity#Aspect pair in the category field (e.g., RESTAURANT#PRICES). Accordingly, KG module predic-
tions are evaluated against the aspect component of the category field.We report partial matching: a
prediction is counted as correct if the predicted aspect matches the gold aspect after normalization,
accepting token-subset overlaps in addition to exact matches to accommodate lexical variation in com-
pound expressions (e.g., swimming pool and pool). A strict bipartite matching constraint ensures each
prediction is aligned to at most one gold aspect and vice versa.

5.2. Experiment Results

This section presents the experimental results across all datasets For English and Arabic lan-
guages. We begin with an ablation study analyzing the contribution of each system component, fol-
lowed by performance evaluation, sensitivity analysis, Error analysis and comparative results against
published SOTA.

5.2.1. Proposed Solution Evaluation on English Datasets
1.  Ablation Study
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Table 6. Explicit aspect extraction performance (micro-precision, -recall, -F;) on English datasets. ZS: zero-shot;
BL: fine-tuned baseline; BL+IG: baseline with iterative generation; BL+IG+Para: baseline with iterative generation
and paraphrase-based input variation.

SE14 SE15 SE16 ACOS M-ABSAen
Method P R K P R K P R A P R K P R K
75 03425 02322 02767 02663 02037 02308 03020 02160 02523 03323 03323 03323 02425 0701  0.2000
BL 0.8894 06030 07187 07298 06110  0.6651 08618 06491 07405  0.8270 08270 08270 07065  0.5990  0.6483
BL+IG 0.8906 07864 08353 07367 06776 07059 08249 07995 08120 07389 08541 07923 06609  0.6353  0.6478

BL+IG+Para 0.8957 0.8148 0.8533 0.7402 0.6878 0.7130 0.7839 0.7879 0.7859 0.7104 0.8969 0.7930 0.6878 0.6415 0.6639

Table 6 reports micro-F; scores across five English benchmarks: SemEval-2014, SemEval-2015,
SemEval-2016, ACOS, and M-ABSA. For ACQOS, results are aggregated over both the Restaurant
and Laptop subsets.

Across all datasets, fine-tuning the foundation model substantially improves performance over
the zero-shot (ZS) setting, confirming the necessity of task adaptation. The strongest absolute
performance is observed on SemEval-2014 (F; = 0.8533), reflecting the relatively constrained and
well-structured annotation scheme of this benchmark. Iterative generation (+IG) consistently
improves recall over the baseline across all datasets, with the most pronounced gain on SE14
(F; : 0.7187 — 0.8353). The paraphrase-based component (+Para) achieves the best overall F;
on all five benchmarks. Its contribution is largest on SE14 and ACOS, while remaining more
conservative on SE15, SE16, and M-ABSA.,. On M-ABSA.,, the multi-domain nature of the
benchmark — spanning restaurant, hotel, laptop, phone, food, sight, and Coursera reviews —
presents a broader vocabulary challenge; the system nevertheless achieves F; = 0.6639, with the
largest per-domain gains observed in the hotel (F; = 0.7695) and laptop (F; = 0.7692) domains.

2. Performance Evaluation

(a) Explicit vs. Implicit Performance

Table 7. Explicit vs. implicit pipeline performance (micro-Fy). For implicit rows, correct abstention (NuLL predic-
tion vs. NULL gold) is counted as TP. BL: Baseline; +Para: BL+IG+Para.

Dataset Type BL +IG  +Para A vsBL
SEL4 Explicit 0.6193 07916 0.8245 +0.2052
Non-Explicit  0.9381 09231 0.8906 —0.0475
SE15 Explicit 05274 0.6009 0.6224 +0.0950
Non-Explicit  0.9429 09347 0.9309 —0.0120
SE16 Explicit 0.6932 0.7963 0.7739  +0.0807
Non-Explicit  0.8862 0.8683 0.8299 —0.0563
Explicit 0.8398 07722 0.7743 —0.0655
ACOSRest  \onExplicit  0.8555 08300 0.8415 —0.0140
Explicit 0.8127 0.8037 0.7937 —0.0190
ACOSLapP-  Non-Explicit 08246 0.8580 0.8290  +0.0044
MoABSA,,  Explicit 05718 05824 05993 +0.0275

Non-Explicit 0.9392 0.9245 0.9332 —0.0060

Table 7 separates performance across explicit and non-Explicit subsets. Non-explicit sub-
set include implicit, mixed and objective rows. For implicit rows, the gold label is NULL;
a correct NULL prediction counts as a true positive.

On explicit rows, the pipeline improves consistently from BL to +Para across SemEval
datasets, with the largest gain on SE14 (AF; = +0.205) driven by iterative generation re-
covering multiple aspects. On ACOS, the baseline achieves the highest precision, while
+IG and +Para expand recall at the cost of false positives, consistent with ACOS’s denser
multi-aspect annotation. On M-ABSA¢;, explicit rows, all components contribute incre-
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mentally (F; : 0.572 — 0.582 — 0.599), though overall performance is lower, reflecting
the challenge of generalising across seven heterogeneous domains.
On implicit rows, all system components achieve high abstention scores (F; = 0.83-0.94),
confirming reliable NuLL prediction across all datasets and leaving implicit aspect evalu-
ation to Metric B.

(b) Implicit Aspect Identification via Knowledge Graph
The KG module is evaluated against the category gold annotation (ENTITY#AsPECT for-
mat). SemEval-2014 is excluded because its category field is empty in the laptop domain,
or uses a generic label (food, service, anecdotes/miscellaneous, ambience, price) in the restau-
rant domain.

Table 8. KG implicit aspect identification performance. Any-TP@row: proportion of implicit rows with >1 correct

prediction.
Dataset p R F Any-TP@row
SE15 0.7119 03077 0.4297 0.3306
SE16 0.7021 0.3708 0.4853 0.3952
ACOS-Rest.  0.6842 0.3757 0.4851 0.3757
ACOS-Lap. 04479 0.2515 0.3221 0.2515
M-ABSA.n, 05420 0.2821 0.3710 0.3095
Table 9. KG inference step distribution across implicit rows (%).
Dataset STOPPED INFERRED NO_MATCH
SE15 54.7 40.4 4.9
SE16 49.1 44.9 6.0
ACOS-Rest. 49.7 45.0 5.2
ACOS-Lap. 54.4 40.4 5.3
M-ABSAen 48.7 41.8 9.5
The KG achieves high precision on restaurant and hotel domains (P = 0.68-0.71), con-
firming reliable predictions when inference fires. Recall is moderate (R = 0.31-0.37),
reflecting the coverage ceiling of lonely-adjective and verb-clue detection: roughly half
of implicit rows are suppressed due to no detectable syntactic or lexical cue (Table 9). On
ACOS-Laptop, performance drops substantially (F; = 0.32) as technical aspects such as
operation_performance and portability require domain-specific clues underrepresented in
the KG lexicon. On M-ABSAy, the KG achieves F; = 0.37 overall, with strongest cover-
age on restaurant (F; = 0.50) and hotel (F; = 0.41) subsets, and weaker coverage on sight
(Fp = 0.12) and Coursera (F; = 0.31), where implicit sentiment patterns are inadequately
represented.
() Domain-level Performance Restaurant benefits most from iterative generation and para-

phrasing across SemEval benchmarks (up to +0.144 on SE14-Restaurant). SE14-Laptop
shows an inversion where +Para outperforms +IG (0.875 > 0.813), suggesting paraphrase-
based variation is particularly effective for technical vocabulary. SE15-Hotel shows the
smallest gain (AF; = +0.021), consistent with lower KG recall (R = 0.183), indicating
more restrained language with fewer detectable implicit cues. On ACOS, both domains
show slight F; decreases from BL to +Para due to precision-recall trade-offs: the baseline
predicts conservatively, while +IG and +Para expand coverage at the cost of false positives.
Among M-ABSA., domains, Hotel and Laptop achieve the highest F; (0.770 and 0.769);
Sight is the most challenging (F; = 0.481), as tourist attraction reviews use idiomatic and
metaphorical language poorly represented in training data, yielding low KG coverage
(R = 0.073 on implicit Sight rows).
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Table 10. Per-domain explicit extraction performance (micro-F;). BL: Baseline; +Para: BL+IG+Para.

Dataset Domain BL +IG +Para A vs BL
SE14 Restaurant 0.6917 0.8528 0.8357 +0.1440
SE14 Laptop 0.7500 0.8132 0.8754 +0.1254
SE15 Restaurant 0.6826 0.7260 0.7421 +0.0595
SE15 Hotel 0.6257 0.6599 0.6466 +0.0209
SE16 Restaurant 0.7405 0.8120 0.7859 +0.0454
ACOS Restaurant 0.8444 0.7876 0.7919 -0.0525
ACOS Laptop 0.8148 0.8128 0.7993 -0.0155
M-ABSAen Hotel 0.7402 0.7451 0.7695 +0.0293

M-ABSA¢n  Laptop 0.7532  0.7418 0.7692 +0.0160
M-ABSA¢n  Restaurant  0.7403 0.7412  0.7483  +0.0080

M-ABSAen Food 0.6451 0.6427 0.6728 +0.0277
M-ABSA¢n  Phone 0.5668 0.5889 0.5852 +0.0184
M-ABSA., Coursera 0.6836 0.6724 0.6877 +0.0041
M-ABSAe,  Sight 0.4640 0.4556 0.4813 +0.0173

Table 11. Boundary identification errors.

Issue Gold Predicted
Subspan product quality —quality

Subspan Apple Help Help

Superspan shipping two day shipping
Superspan  start up quick start up

3.  Error Analysis

*  Boundary Mismatch:
Generative models produce aspect spans that are either subspans or superspans of the gold
annotation. Table 11 shows representative cases. Boundary errors account for 8-37% of
English false positives (highest on SemEval-2014: 37%, n = 34) These mismatches represent
an annotation convention disagreement rather than a genuine inference failure.

®  Spurious Hallucination. Spurious predictions sharing no token overlap with any gold term
dominate English false positives (84-93% across all English datasets). They are most preva-
lent in sentences with domain-specific terminology or multi-aspect structures absent from
fine-tuning data, suggesting targeted augmentation or constrained decoding as remedies.

e  Taxonomy Mismatch:
The most frequent KG error across all restaurant and hotel datasets is a fine-grained tax-
onomy mismatch between the KG’s internal aspect vocabulary and the gold annotation
scheme. The KG predicts taste for sentences expressing food quality, while the gold anno-
tation uses quality. For example, the sentence “Mmmmmmmmm so delicious” is predicted as
food#taste but annotated as food#quality.

¢  KG’s Coverage issue: No-Cue Detection (STOPPED rows):
Approximately 49-55% of implicit rows across all datasets are suppressed
(STOPPED_no_lonely_adj) because no lonely adjective or verb clue is detected. Exami-
nation of these sentences reveals three recurring patterns. First, implicit sentiment ex-
pressed through noun phrases alone without any adjective, such as “Two thumbs up!”
(gold: food#quality). Second, figurative expressions that carry no surface-level senti-
ment marker the KG can detect, such as textit“You'll be there for every anniversary...”
(gold: restaurant#miscellaneous). Third, sentences where the implicit aspect is carried
entirely by a verb with no accompanying adjective, such as “We were charged full price” (gold:
service#tgeneral).
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4.  Sensitivity Analysis

(a) Iterative Generation rounds Figure 3a: Increasing rounds from 2 to 3 yields the largest
F; gain (+9.4% recall, —2.3% precision); beyond 3 rounds improvements diminish. Maxi-
mum rounds set to 3 for English.

(b)  Paraphrase-Aided Parameters Figures 3b,c:

s - . sof T — e

— 076 e ——

a 6 8 10 050 055 058060062 065 070 075 080
16 max_rounds Number of Paraphrases (k) Similarity threshold (t)

(a) (b) ()

Figure 3. Sensitivity analysis: (a) iterative generation rounds; (b) number of paraphrases; (¢) semantic similarity
threshold 7.

i Number of paraphrases: Two paraphrases give the best F;; beyond two, marginal
recall gains are offset by precision loss.

ii. Similarity threshold 7: Precision improves smoothly with 7; recall stays nearly
constant; F; saturates at T > 0.70.

iii. Candidate retention, consensus, explicitness: All three have negligible impact
once semantic filtering is active. Full results in Appendix B.1.1.

5.  Statistical Significance Tests

Paired bootstrap resampling [65] (n = 10,000 iterations) and McNemar's test [66] were applied to
assess whether observed F; differences between pipeline systems reflect genuine improvements
rather than sampling variation. Three pairwise comparisons were evaluated: BL vs. BL+IG, BL vs.
BL+IG+PARA, and BL+IG vs. BL+IG+PARA. Each comparison was tested across three evaluation
views: all rows, aspect-extraction only (rows with at least one non-null gold aspect), and explicit
rows only. The KG component was evaluated separately, comparing BL against KG on implicit
rows only, using the aspect part of the entity#aspect category label as gold. Full numerical
results are reported in Appendix B.2.

BL—BL+IG and BL—BL+IG+PARA are bootstrap-significant (p<0.001) across all views on SE14,
SE15, and SE16, confirming that both IG and the full pipeline deliver genuine gains over the base-
line. The marginal step BL+]1G—BL+IG+PARA is additionally significant on SE14 (p<0.001, ex-
plicit rows), making it the only dataset where every pairwise comparison is bootstrap-confirmed;
on SE15 it does not reach significance, indicating partial redundancy between IG and PARA on
that dataset. On ACQOS, BL is the best system and all additions degrade aggregate performance;
bootstrap p-values near 1.0 confirm the degradation is not due to chance, while a significant
McNemar result indicates the components shift which sentences are correctly predicted with-
out improving the overall score. On M-ABSA¢,,, BL+IG alone does not improve significantly
over BL by bootstrap, whereas BL—+BL+IG+PARA and BL+IG—BL+IG+PARA are both signifi-
cant (p<0.003), suggesting that the paraphrase component drives the improvement and IG is
insufficient on its own. The KG component is bootstrap-significant on all four eligible English
datasets (AF; = +0.28 to +-0.37, p<0.001; Table A8).

5.2.2. Proposed Solution Evaluation on Arabic Datasets
1.  Ablation Study
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Table 12. Explicit aspect extraction performance on Arabic datasets. ZS: Zero-Shot; BL: fine-tuned baseline;
BL+IG: baseline with iterative generation; BL+IG+Para: baseline with iterative generation and paraphrase-based
input variation.

M-ABSA,; SE16 HAAD
Method p R F P R F P R F
Z5 0.0482 0.0476 0.0479 0.0702 0.0363 0.0478 0.1818 0.0952 0.125
BL 0.7542 0.5907 0.6625 0.7950 0.7339 0.7632 0.4708 0.4378 0.4537
BL+IG 0.8094 0.7264 0.7656 0.6383 0.8249 0.7197 0.3712 0.6462 0.4716

BL+IG+Para 0.7768 0.7441 0.7601 0.6630 0.8210 0.7336 0.4098 0.5692 0.4765

Table 12 reports micro-F; on explicit rows across the three Arabic datasets. On M-ABSA,;,, iter-
ative generation delivers the largest gain, driven by improved recall as the iterative component
recovers multiple aspect mentions missed in single-pass decoding. The paraphrase component
moderates precision, with the best result at F; = 0.760. Notably, +IG alone outperforms the full
pipeline, indicating that Arabic paraphrase variants introduce more spurious candidates than
in English — a consequence of greater morphological ambiguity reducing paraphrase precision.
On HAAD, the pattern is consistent: +IG improves recall most substantially (R : 0.438 — 0.646),
while +Para recovers precision (P : 0.371 — 0.410), yielding the best F; = 0.477. On SE16, the
baseline achieves the highest precision (P = 0.795, F; = 0.763). Iterative generation expands
recall substantially (R : 0.734 — 0.825) at a notable precision cost, and +Para partially recovers
precision while maintaining high recall (F; = 0.734). The SE16 hotel reviews average 2.05 gold
aspects per explicit row, explaining why iterative generation is particularly effective at recover-
ing additional aspects despite increased false positives.
2. Performance Evaluation

(a) Explicit vs. Implicit Performance

Table 13. Explicit vs. implicit pipeline performance on Arabic datasets (micro-F;, BL+IG+Para). Implicit rows
have noNE gold aspect; correct abstention is counted as TP. Mixed rows (M-ABSA,; only) contain one explicit
and one implicit aspect per sentence.

Dataset Type BL +IG  +Para A vsBL

Explicit (1,356) 0.7542 0.8094 0.7768 +0.0226
M-ABSA,r  Implicit (718) 0.9392 0.9245 0.9332 —0.0060
Mixed (104) 0.7586 0.8130 0.6667 —0.0919

Explicit (1,130) 0.7950 0.6383 0.6630 —0.1320
Implicit (96) 0.8862 0.8683 0.8299 —0.0563

HAAD Explicit (299) 0.4708 0.3712 0.4098 —0.0610

SE16

Table 13 shows per-type performance on M-ABSA;,; under BL+IG+Para. The pipeline
achieves F; = 0.760 on explicit rows and F; = 0.671 on mixed rows. The implicit ab-
stention score (F; = 0.933) reflects the system’s reliable identification of sentences with
no surface aspect, consistent with the English results (F; = 0.83-0.94). Mixed-row per-
formance is lower than explicit-only rows because mixed sentences require the system to
simultaneously extract a surface aspect and correctly output nuLL for the implicit compo-
nent — the latter is addressed separately by the KG module.
(b) Implicit Aspect Identification via Knowledge Graph

The Arabic KG is evaluated against ENTITY#AsPECT category annotations independently
of explicit extraction. Two strategies are compared: Strategy 1 uses the English KG with
multilingual embeddings; Strategy 2 uses direct lexical lookup on the Arabic KG. HAAD
is excluded as its test split contains no implicit aspects.

Table 14 shows Strategy 2 outperforms Strategy 1 by AF; = 0.211 on M-ABSA,; and
AF; = 0.193 on SE16, gaining on both precision and recall. The improvement stems
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from strict domain filtering reducing cross-domain noise, and the Arabic clue lexicon
with verb-phrase fallback recovering more implicit rows than cross-lingual embedding
similarity alone.

Table 14. Strategy 1 (cross-lingual English KG) vs. Strategy 2 (Arabic domain-specific KG) for implicit aspect

identification.
Dataset Strategy P R F
S1 0.4841 0.0951 0.1590
M-ABSAar g, 0.6060 0.2541 0.3580
SE16 S1 0.4545 0.1429 0.2174
S2 0.6981 0.3524 0.4684

Table 15. Arabic KG inference step distribution across implicit rows (%).

Dataset STOPPED INFERRED NO_MATCH

M-ABSA,; 52.1 45.1 2.8
SE16 42.7 53.1 4.2

The Arabic KG achieves high precision when it fires (P = 0.61-0.70), comparable to the
English KG (P = 0.68-0.71). Recall is lower (R = 0.25-0.35) due to high STOPPED rates
(Table 15): 52.1% of M-ABSA,, and 42.7% of SE16 implicit rows produce no prediction,
reflecting Arabic morphological complexity and the absence of detectable adjective or sen-
timent verb cues. The verb-phrase fallback contributes substantially: on M-ABSA,y, 23.7%
of implicit rows are recovered via sentiment verbs such as =3l and usef; on SE16, the
INFERRED share reaches 53.1%, reflecting the prevalence of recommendation expressions
in hotel reviews.

Table 16. Per-domain KG implicit identification performance on M-ABSA,;; implicit rows (Strategy 2).

Domain P R )2

Hotel 0.7778 0.3333 0.4667
Restaurant 0.6338 0.2830 0.3913
Food 0.5333 0.2149 0.3064

Laptop 0.4792 0.1983 0.2805

Table 17. Evaluation on M-ABSA,; mixed sentences (104 rows). Metric A: full system explicit extraction; Metric B:
KG implicit identification (Strategy 2, partial matching).

Maetric Method P R K
A (Explicit) BL+IG+Para+KG 0.6736 0.6831 0.6783
B (Implicit) S2 KG 0.6071 0.2629 0.3669

(c) Domain-level Performance (M-ABSA,;)

The Hotel domain achieves the highest F; = 0.467 with P = 0.778, reflecting strong align-
ment between the hotel-focused SemEval-2016 training edges in the Arabic KG and the
hotel domain reviews in M-ABSA,;. Restaurant and Food domains perform moderately
(F; = 0.391 and 0.306 respectively), while Laptop is the weakest (F; = 0.281), consistent
with the English results: laptop implicit aspects require highly specific technical vocabu-
lary — operation_performance, design_features, portability — that is underrepresented in the
Arabic KG’s adjective lexicon, which was primarily enriched from hotel and restaurant
review corpora.
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(d) KG performance on Mixed Sentence

Mixed sentences contain both an explicit and an implicit aspect in the same sentence,
requiring the solution to handle both tasks simultaneously (Table 17). Explicit extraction
achieves F; = 0.678, a modest decline from F; = 0.777 on purely explicit rows, suggesting
that competing opinion signals in mixed sentences introduce some additional difficulty
for aspect boundary identification. Implicit identification achieves F; = 0.367, closely
matching the F; = 0.370 obtained on purely implicit rows, confirming that the lonely ad-
jective detection mechanism operates independently of whether an explicit aspect is also
present. Mixed sentences are therefore a moderately harder case for explicit extraction
but not for implicit identification.

3. Error Analysis

¢  Boundary Mismatch. Boundary errors account for 2-8% of Arabic false positives, where
Arabic morphological structure causes the model to either include genitive complements
(superspan) or omit clitic-bearing head nouns (subspan).

e  Arabic Annotation Inconsistency. The Arabic datasets exhibit uneven granularity: fine-
grained aspects (e.g. Prices, CLEANLINESS) coexist with coarse GENERAL annotations that
collapse multiple implicit aspects. Table 18 illustrates cases where the solution correctly
identifies specific aspects but is penalised against the coarser gold label. Generic opinion
adjectives with no specific aspect noun constitute the largest false positive category on M-
ABSA;; (47%, n = 277), SemEval-2016 Arabic (24%, n = 302), and HAAD (22%, n = 108).
Nevertheless, GENERAaL-label noise remains non-trivial because the boundary between gen-
eral sentiment and fine-grained aspects is inconsistently drawn in the annotations them-
selves.

e  KG Coverage: No-Cue Detection (STOPPED rows)

STOPPED rates of 52.1% (M-ABSA,;) and 42.7% (SE16) arise from three structural cate-
gories: (i) purely factual or nominal sentences with no sentiment marker (e.g., <ull <365 s,
gold: food#general), where the aspect is inferred from purchase behaviour rather than
linguistic cues; (ii) exclamatory expressions (e.g., !ss35l) conveying sentiment through prag-
matic cues alone; and (iii) comparative constructions (e.g., % GSall sa Juail o o5 23 ila ),
where the comparative adjective modifies a noun phrase and is correctly blocked by the
lonely-adjective gate. All three require discourse-level or pragmatic reasoning beyond lexi-
cal KG inference.

Table 19 summarizes errors across all English and Arabic datasets. English FPs are dom-
inated by spurious hallucination (84-93%), with boundary errors secondary in the laptop
domain. Arabic FPs are more varied: GENEraL-label noise dominates on M-ABSA,;, clitic
duplication on HAAD, and spurious hallucination on SE16-Arabic. False negatives are con-
sistent across datasets: 76-85% were never predicted by any stage; 14-24% were correctly
identified by the baseline but dropped by later voting stages

4. Sensitivity Analysis:
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Figure 4. Sensitivity analysis of the proposed model. (a) Effect of iterative generation rounds. (b) Effect of number
of paraphrases. (c) Effect of semantic similarity threshold.

(a) Iterative Generation Component Parameter: Figure 4a: Unlike English, increasing
rounds consistently degrades micro-F; in Arabic. Additional rounds surface noisy candi-
dates, causing a sharp precision drop that outweighs recall gains.

(b) Paraphrase-Aided Component Parameters:

i Number of paraphrases: Figure 4b: Adding paraphrases increases recall but
causes a monotonic precision and micro-F; decline. Unlike English, the optimal
Arabic configuration uses no or very few paraphrases, as paraphrasing amplifies
lexical noise rather than providing semantic reinforcement.

ii. Similarity threshold: Figure 4c: Raising the threshold improves precision while
recall decreases gradually, yielding a monotonic micro-F; gain. Conservative se-
mantic filtering is therefore essential for suppressing paraphrase-induced noise in
Arabic.

() On M-ABSA;;, BL—BL+IG and BL—BL+IG+PARA are highly significant across all views
(p<0.001), confirming that both components contribute meaningful gains; however,
BL+IG—BL+IG+PARA is not significant by either test, indicating PARA provides no ad-
ditional benefit once IG is applied. On SE16,,, both BL—BL+IG and BL—BL+IG+PARA
are associated with statistically significant degradation (McNemar p<0.001, bootstrap
p~1.0), reflecting a precision collapse under generative augmentation in morphologi-
cally rich Arabic; BL remains the best system. The only positive comparison on SE16,;,
BL+IG—BL+IG+PARA (AF; = +0.019, p<0.001), shows that PARA partially recovers
from the damage introduced by IG, but not sufficiently to surpass BL. On HAAD, no
comparison reaches bootstrap significance (p = 0.05-0.10), attributable to the small eval-
uation set (n = 299); a significant McNemar result nonetheless confirms that the com-
ponents alter error patterns. Despite the inconsistent pipeline behavior across Arabic
datasets, the KG component is bootstrap-significant on both datasets (AF; = 40.37 and
+0.41, p<0.001; Table A10), establishing it as the primary and most reliable mechanism
for implicit aspect identification in Arabic.

Table 18. Annotation inconsistency in the Arabic SemEval 2016 dataset: the pipeline identifies specific aspects
that are collapsed into GENERAL in the gold annotation.

Example Prediction Gold aspect
Jufiid o o 53l 5is 48 34 COMFORT, SERVICE GENERAL
O3 ¢ sl G Jalail) e 5 6ld gl 3o gl allae JS e &al ) slaaiayly  COMFORT, CLEANLINESS GENERAL
gl el COMFORT GENERAL

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.



https://doi.org/10.20944/preprints202605.1240.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 19 May 2026 doi:10.20944/preprints202605.1240.

20 of 30

Table 19. False positive and false negative breakdown across all datasets (explicit rows; full test sets). FP cat-
egories: Spur. = spurious hallucination; Bound. = boundary error; Gen. = GeNERrAL-label noise; Clit. = clitic
duplication (Arabic only). FN categories: Never = never predicted; Lost = predicted by baseline but filtered later.

FP breakdown (%) FN breakdown (%)
Dataset n TP FP FN P R Spur. Bound. Gen. Clit. Never Lost
SE14 (EN) 1028 1389 91 391 0939 0.780 63 37 0 - 85 14
SE15 (EN) 605 474 116 324 0.803 0.594 93 7 0 — 85 14
SE16 (EN) 419 478 131 133 0785 0.782 89 11 0 — 79 19
ACOS Rest. (EN) 412 378 200 34 0654 0917 93 7 0 - 76 24
ACOS Lap. (EN) 801 727 267 74 0.731 0908 84 16 0 — 77 14
MABSA (EN) 2576 2307 951 1654 0.708 0.582 91 8 1 — 78 15
MABSA (AR) 1356 1280 594 439 0.683 0.745 31 8 47 15 78 18
SE16 (AR) 1130 1912 1248 411 0.605 0.823 45 2 24 29 77 18
HAAD (AR) 299 326 487 245 0.401 0.571 36 2 22 40 79 16

5.3. Comparative Analysis

The comparative analysis validates the core design objective of the proposed system: robust as-
pect identification encompassing both explicit and implicit expressions across multiple domains and
benchmarks.

1.  English datasets Comparison results

Table 20. Performance comparison with state-of-the-art methods on English benchmark datasets. Target: Explicit
= explicit aspects only, Both = explicit and implicit aspects. —: not reported by the study.

Study Dataset Domain Target p R 131
SemEval-2014

[39] SE-14 Lap. Explicit — — 0.8635
[67] SE-14 Rest. Explicit  0.8481 0.8619 0.8693
[67] SE-14 Lap. Explicit — — 0.8299
[68] SE-14 Rest. Explicit  0.7987 0.6603 0.7230
[59] SE-14 Lap. Both 091  0.72 0.81

[59] SE-14 Rest. Both 0.88 0.77 0.82
[10] SE-14 Combined  Explicit - — 0.8200
[9] SE-14 Rest. Explicit — — 0.7596
[9] SE-14 Lap. Explicit — — 0.5174
Ours  SE-14 Rest. Both 0.8909 0.7869 0.8357
Ours  SE-14 Lap. Both 0.9014 0.8508 0.8754
SemEuval-2015

[67] SE-15 Rest. Explicit - — 0.7551
[58] SE-15 Rest. Both — — 0.7286
Ours  SE-15 Rest. Both 0.7402 0.6878 0.7130
SemEuval-2016

[39] SE-16 Rest. Explicit — — 0.8163
[57] SE-16 Rest. Both 0912 0.8953 091
[58] SE-16 Rest. Both — — 0.8113
Ours  SE-16 Rest. Both 0.7839 0.7879 0.7859
ACOS

[39] ACOS Rest. Explicit  0.8054 0.8208 0.8163
[39] ACOS Lap. Explicit 0.8635 0.8635 0.8635
Ours ACOS Rest. Both 0.7085 0.8974 0.7919
Ours ACOS Lap. Both 0.7193 0.8992 0.7993

Table 20 validates the proposed solution across both explicit and implicit aspect identification.
On SemEval-2014, the solution outperforms [9] and [68] on Restaurant, and surpassing [67] and
[39] on Laptop. The closest competitor targeting both aspect types, [59], both slightly below
our results. On SemEval-2015, the solution falls short of [67] ( explicit only) and [58] , reflect-
ing the additional challenge of targeting implicit aspects in a smaller dataset. On SemEval-2016,
[57] achieves the highest F;; the gap is partly attributable to differences in evaluation scope and
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annotation coverage across studies. On ACOS, the solution substantially exceeds [39] in recall
(explicit only), demonstrating the effectiveness of iterative and paraphrase-based expansion for
increasing aspect coverage. The lower precision relative to explicit-only systems reflects the in-
herent trade-off of targeting both aspect types.

2. Arabic datasets Comparison results

Table 21. Performance comparison with state-of-the-art methods on Arabic benchmark datasets. Target: Explicit
= explicit aspects only; Both = explicit and implicit aspects. Subtask: ATE = Aspect Term Extraction; ACD = Aspect
Category Detection. —: not reported.

Study Dataset Target Subtask P R F

SemEwval-2016 Arabic
[28] SE-16 Explicit ATE 0.8096 0.7970 0.8032

[29]  SE-16  Explicit ~ACD - — 07100
[42]  SE-16  Explicit ACD - —  0.6610
Ours  SE-16 Both ATE  0.6630 0.8210 0.7336
HAAD

[11]  HAAD Explicit ACD - — 03200
[13] HAAD Explicit ACD - — 04830
[41]  HAAD Explicit  ATE - — 03447
[42]  HAAD Explicit  ATE - — 0661

Ours HAAD Both ATE 0.4098 0.5692 0.4765

Table 21 compares the proposed solution against SOTA Arabic methods. On SE16, explicit-only
systems report higher F; — [28] but are trained and evaluated on explicit aspects only, with no
requirement to handle implicit sentences. Our system achieves higher recall, confirming that iter-
ative generation effectively surfaces multiple aspects per sentence, at the cost of additional false
positives. Against category-detection systems [29,42], the system is competitive while addition-
ally identifying implicit aspects. On HAAD, the system exceeding [11]despite the challenging
KG coverage of Books domain. Strong recall (R = 0.569) reflects iterative generation’s robust-
ness under domain shift; lower precision (P = 0.410) indicates paraphrase-induced noise outside
the training domain.

5.4. Limitations

The error analysis (Sections 3 and 3) reveals four system-level limitations that transcend individ-
ual datasets.

1.  Pragmaticimplicit aspects: The lonely adjective gate and verb-clue fallback address surface-level
implicit signals but cannot handle sentiment expressed through purchase behaviour, exclama-
tory fragments, or figurative language. Resolving these cases requires discourse-level or prag-
matic reasoning beyond the scope of lexical KG inference.

2. Boundary identification: Generative decoding produces subspans and superspans of gold aspect
terms, particularly in morphologically complex Arabic constructions. Constrained decoding or
span-extraction post-processing could reduce this failure mode.

3.  Arabic annotation noise. The inconsistent granularity of Arabic gold annotations — where both
fine-grained and coarse GENERAL labels appear for structurally similar sentences — introduces ir-
reducible noise that system design alone cannot resolve. Standardising Arabic ABSA annotation
guidelines is a prerequisite for progress on this front.

4. Domain vocabulary coverage. The KG’s clue lexicon was built from hotel, restaurant, and food
corpora. Laptop, Coursera, and sight domains are underrepresented, leading to systematic false
negatives on technical and non-restaurant implicit aspects. Expanding the KG through domain-
adaptive construction from larger Arabic and English corpora is the most direct mitigation.
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6. Conclusion

This paper presented a multi-component solution for implicit aspect extraction combining a fine-
tuned generative backbone, iterative residual generation, paraphrase-based input transformation, and
a domain-specific knowledge graph governed by linguistically motivated gating. The central finding
is that no single component is sufficient: the KG component provides gains precisely where the gen-
erative backbone returns NULL — sentences with isolated opinion adjectives and no syntactic noun
head — while iterative generation recovers multi-aspect sentences that single-pass decoding misses.
Ablation results confirm that this complementarity holds across both language families.

Experiments across eight datasets demonstrate strong performance, outperforming strong base-
lines and recent state-of-the-art methods on six of eight datasets. On Arabic, primary implicit aspect
evidence comes from SemEval-2016 Hotels and M-ABSA,;; HAAD is evaluated for explicit extrac-
tion only, as its annotation scheme does not mark implicit aspects. The English—Arabic performance
gap reflects greater annotation consistency, stronger boundary alignment, and lower morphological
complexity in English.

A consistent finding across both languages is that strict span-based evaluation penalizes seman-
tically correct predictions that differ lexically or boundary-wise from gold annotations, systematically
underestimating generative model performance. Semantic equivalence metrics are a prerequisite for
fairly benchmarking generative ABSA systems, and their development constitutes a natural next step
for the field.

Two directions follow directly from these results. First, extending the Arabic KG to improve mor-
phological coverage across dialects and derivational forms, increasing robustness beyond the MSA-
dominant training corpora used here. Second, investigating cross-lingual transfer to bootstrap implicit
aspect extraction in lower-resource Arabic domains where annotated data remains scarce.

Conflicts of Interest: The authors declare no conflicts of interest.

Abbreviations

The following abbreviations are used in this manuscript:

ABSA  Aspect-Based Sentiment Analysis
ATE Aspect Term Extraction

BL Baseline component

IG Iterative Generation component
PARA Paraphrase-based input variation component
KG Knowledge Graph

LLM  Large Language Model

LoRA  Low-Rank Adaptation

MSA  Modern Standard Arabic

NLP Natural Language Processing

SA Sentiment Analysis

Appendix A. Knowledge Graph Notation
Appendix A.1. Formal Notation
e Graph Definition. Let G = (V, E) be a labeled multigraph with four vertex types:

V:VdUVeUVaUVC,
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representing domains, entities, aspects, and clues respectively, connected by three typed relations:

Rcsa € Ve x V, (clue describes aspect),
Rase €V, x V, (aspect belongs to entity),

Re_.q € Ve X V; (entity relevant to domain).
¢ Candidate Retrieval. Given a matched clue node ¢ € V,, aspect candidates are retrieved as:
C=N}(¢; Resa) ={u€Vy|(c,u) € Resa }-
*  Domain-Consistent Filtering. Domain consistency is enforced via relation composition:

Rasd = Rase 9 Resd,

yielding the domain-filtered candidate set for inferred domain d € Vj:
Ci={aeC|(ad) €Ryq}

*  Scoring and Selection. Each a € C; receives a relevance score combining clue-aspect and
sentence—aspect similarity:

score(a) = Sim(Embed(c), Embed(a)) + Sim(Embed(s), Embed(a)), (A1)

where Embed(-) denotes SBERT embeddings and Sim(-, -) cosine similarity. The implicit aspect
set is then:

I = argtopk  score(a).
a€Cy, score(a)>Tasp

Appendix A.2. Algorithm

Algorithm 2 operationalizes the formal definitions above. Lonely adjectives are detected and
mapped to clue nodes V,; the sentence domain is inferred by selecting the most semantically simi-
lar domain vertex. For each clue, candidates are retrieved via R, filtered for domain consistency
through R, .4, and scored via Eq. A1; if no candidate survives filtering, a general fallback is assigned.

Top-ranked aspects above T,sp are normalized, deduplicated, and returned as the implicit aspect set
I

Algorithm 2: KG-Based Implicit Aspect Extraction

Input :s: input sentence; P: paraphrased sentences; G = (V, E): labeled digraph; D C V: domain vertices
Output :1 C V,: implicit aspect set
Variables :L C V.: matched clue vertices; C,C; C V;: candidate and filtered aspects; d € D: inferred domain
1 L < IdentifyClues({s} UP) N V,; // Detect lonely adjectives and map to clue nodes
2 d 4 argmaxycp Sim(¢(s), ¢(d')); // Infer sentence domain
3 [+ @
4 foreach c € L do
5 C+{aeV,|(c,a) €EResa}; // Retrieve aspect candidates
6 Ci+{aeC|3e:(ae) € RaseN(e,d) €EReya }; // Domain-consistent filtering
7 if C; = @ then C; < {general};
8 foreacha € C; do
9 | score(a) < Sim(c,a) + Sim(s, a); // Eq. A1

=
=)

I < I Uargtopk score(a);

acCy, score(u)z'rasp

-

1 I + FilterAndNormalize(I);
2 return [

o
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Appendix B. Sensitivity and Statistical Significance Tests
Appendix B.1. Sensitivity Analysis

All sensitivity experiments use the same gold-annotated test splits as the main evaluation, vary-
ing only inference-time parameters with no retraining. Each parameter is adjusted independently
while all others are fixed at their defaults. Performance is measured using micro-P, R, and F; as the
main evaluation.

Appendix B.1.1. Sensitivity Analysis on English Datasets

Tables A1-A3 report the numerical results. The English results are largely stable across hyperpa-
rameters; semantic similarity thresholding and iterative generation depth show the clearest monotonic
effects, while remaining parameters introduce only marginal variation.

Table A1. Paraphrases sensitivity.

Setting P R £

Original (k=0) 0.9082 0.7542 0.8241
k=2 0.9042 0.7602 0.8260
k=4 0.8994 0.7619 0.8250
k=6 0.9016 0.7610 0.8254
k=8 0.8995 0.7623 0.8252
k=10 0.8970 0.7602 0.8229

Table A2. Similarity threshold sensitivity.

Thr. P R R

050 0.8264 0.7686 0.7965
0.55 0.8493 0.7640 0.8044
058 0.8601 0.7631 0.8087
0.60 0.8720 0.7623 0.8135
0.62 0.8764 0.7602 0.8142
0.65 0.8835 0.7585 0.8162
0.70 0.8931 0.7572 0.8195
0.75 0.9024 0.7559 0.8227
0.80 0.9069 0.7551 0.8240

Table A3.IG rounds sensitivity.

Rounds P R £

2 0.9278 0.5822 0.7154
3 0.9180 0.6453 0.7579
4 0.9089 0.6682 0.7702
5 0.9053 0.6763 0.7742

Appendix B.1.2. Sensitivity Analysis on Arabic Dataset

Tables A4—-A6 summarize the numerical sensitivity results for Arabic dataset.In contrast to En-
glish, Arabic sensitivity trends exhibit stronger trade-offs between precision and recall. Paraphrase
quantity and iterative generation depth significantly increase recall but introduce substantial noise.
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Table A4.Paraphrases sensitivity.

Setting P R F

k=0 0.6526 0.7296 0.6890
2 0.6223 0.7427 0.6772
4 0.6138 0.7493 0.6749
6 0.6137 0.7502 0.6751
8
1

0.6085 0.7533 0.6732
0 0.6091 0.7515 0.6728

»»T»»

Table A5. Similarity threshold sensitivity.

Thr. P R F

0.50 0.5871 0.7674 0.6653
055 0.5944 0.7617 0.6677
0.58 0.5994 0.7573 0.6691
0.60 0.6030 0.7529 0.6697
0.62 0.6088 0.7507 0.6723
0.65 0.6171 0.7471 0.6759
0.70 0.6269 0.7388 0.6782
0.75 0.6383 0.7335 0.6826
0.80 0.6461 0.7304 0.6857

Table A6.IG rounds sensitivity.

Rounds P R R

2 0.6512 0.7300 0.6884
3 0.5926 0.7643 0.6676
4 0.5680 0.7898 0.6608
5 0.5510 0.7977 0.6518

Appendix B.2. Statistical Significance Tests

Table A7 reports significance results for English datasets, and Table A8 reports the KG component
significance on implicit rows. SemEval2014 is excluded from KG evaluation owing to absent category
annotations.

Table A9 reports significance results for Arabic datasets, and Table A10 reports the KG component
on implicit rows. HAAD is excluded from KG evaluation owing to absent category annotations.
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Table A7. Statistical significance of pipeline components on English datasets. Bootstrap p (Boot.) and McNemar
p (McN.) reported for three evaluation views: all rows (All), aspect-extraction only (Asp.), explicit only (Exp.).
F; scores and AF; shown for the explicit-only view. *p<0.05, **p<0.01, ***p<0.001, — not significant. Negative
AF; indicates degradation relative to system A.

All Asp. Exp. Exp. F
Dataset Comparison Boot. McN. Boot. McN. Boot. McN. F(A) F(B) AR
BL — BL+IG o e o o o 06202 07921 +0.1719
SE14 (n=1028) BL — BL+IG+PARA o o o o o e 0.6202  0.8228  4-0.2026
BL+IG — BL+IG+PARA * — o - o — 0.7921 0.8228 +0.0306
BL — BL+IG o * o e o o 0.5256 0.6005 +40.0749
SE15 (n=605) BL — BL+IG+PARA o * o o ok o 0.5256  0.6207  +0.0950
BL+IG — BL+IG+PARA  — — — - — — 0.6005 0.6207  +0.0202
BL — BL+IG o * o o ok o 0.6822 0.7880 +0.1058
SE16 (n=419) BL — BL+IG+PARA o — o - o — 0.6822 0.7628 +40.0807
BL+IG — BL+IG+PARA  — o — o — o 0.7880 0.7628 —0.0251
BL — BL+IG - o — o — e 0.8175 0.7870 —0.0305
ACOS (n=1213) BL — BL+IG+PARA - ok — o — B 0.8175  0.7824  —0.0352
BL+IG — BL+IG+PARA  — o — o — e 07870 0.7824  —0.0046
BL — BL+IG - o — * — * 0.5719 0.5824 +0.0106
M-ABSAe, (n=2576) BL — BL+IG+PARA o — o — o — 0.5719  0.5993 +0.0274
BL+IG — BL+IG+PARA  *** o o o o o 0.5824 0.5993 +0.0169

Table A8. Statistical significance of the KG component on English implicit rows. Gold = aspect part of
entity#aspect. SE14 excluded (no category annotations). ***p<0.001.

Dataset Nimpl FBL) F[KG) AF, Boot. McN.
SE15en 245 0.0000 0.3218 +40.3218 Kok worr
ACOSen 344 0.0058 0.2885 +0.2827  ***

M-ABSAen 913 0.0010 03016 +0.3005 — *** ke

Table A9. Statistical significance of pipeline components on Arabic datasets. *p<0.05, **p<0.01, ***p<0.001, —
not significant. Negative AF; indicates degradation relative to system A.

All Asp. Exp. Exp. K
Dataset Comparison Boot. McN. Boot. McN. Boot. McN. F(A) F(B) AR
BL — BL+IG ok ox o ok o ok 0.6559 0.7744 +0.1185
M-ABSA,; (n=1356) BL — BL+IG+PARA ok ok o ok o o 0.6559 0.7642 +0.1083
BL+IG — BL+IG+PARA - — - — — — 0.7744 0.7642 —0.0103
BL — BL+IG — ok — ok — ok 0.7676 0.7156 —0.0521
SE16,, (n=1130) BL — BL+IG+PARA — o - o — ok 0.7676 0.7343 —0.0333
BL+IG — BL+IG+PARA  *** - o — E — 0.7156  0.7343 +0.0187
BL — BL+IG — ok - ok — o 0.4465 0.4720 +0.0254
HAAD (n=299) BL — BL+IG+PARA - ok - ok — ok 0.4465 0.4743 +0.0278
BL+IG — BL+IG+PARA — — — — — — 0.4720 0.4743 +0.0024

Table A10. Statistical significance of the KG component on Arabic implicit rows. Gold = aspect part of
entity#aspect. HAAD excluded (no category annotations). ***p<0.001.

Dataset Nimpi  F1(BL) R (KG) AF; Boot. McN.

M-ABSA,, 718 0.0000 03725 +03725  *** ok
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