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Abstract. Aspect-based sentiment analysis (ABSA) is a natural lan-
guage processing (NLP) task, ascribing precise sentiment linkages to
specific entities and issues in text data. This paper addresses critical
shortcomings in current ABSA methods, particularly the issues of lim-
ited aspects, training set biases, and lack of comprehensive stance-coded
datasets. First, we develop a scalable MaskedABSA approach that masks
aspect terms in training sentences to enable unbiased sentiment inference
from the context alone. We show that the proposed method surpasses the
state-of-the-art solutions in accuracy for the aspect term sentiment classi-
fication task, as verified by the SemEval datasets. Furthermore, we tackle
the perennial challenges of limited training resources and the prohibitive
costs of manual annotation in ABSA dataset creation by introducing an
innovative weak supervision technique capitalizing on the inherent com-
munity clustering properties found within social media datasets. We uti-
lize community detection algorithms to partition a share network into po-
larized groups with homogeneous adversarial stances, allowing large-scale
aspect-based sentiment analysis dataset curation without labor intensive
manual labeling. Our methodology is also validated using a real-world
polarized dataset comprising diverse aspects and stances to showcase its
efficacy and scalability.

Keywords: aspect-based sentiment analysis · social networks · weakly
labeled data · social media.

1 Introduction

Aspect-based sentiment analysis (ABSA) is a subset of sentiment analysis that
not only discerns the sentiment within a given text but also links it to specific
entities or aspects. This precision enhances understanding of stance, enabling
scholars to derive actionable insights by pinpointing the sentiments on specific
entities or issues. As a result, ABSA has become a critical tool in data analytics
and artificial intelligence (AI) applications.

While current ABSA methodologies have proven valuable, they require reeval-
uation to effectively handle the complexities and vast diversity present within
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large real-world datasets. One of the primary challenges of ABSA is training set
bias, a phenomenon where the data used to train an algorithm fails to compre-
hensively represent the diversity of contexts and opinions in the full spectrum of
the target populations. This bias can skew the algorithm’s performance, often
to the detriment of minority stances on less represented views, thereby compro-
mising ABSA systems’ efficacy and fairness.

In our model, we simply mask the terms corresponding to the aspects we
seek to analyze. This technique allows our model to focus on the context alone
to infer the sentiment directed towards the masked aspect without being biased
by the aspect term itself. By doing so, we refine the model’s capacity to more pre-
cisely gauge sentiments towards both previously seen and unseen (new) aspects,
thereby addressing one of the critical limitations of current ABSA models.

The construction of labeled datasets for NLP tasks presents challenges due
to the costly nature of labor-intensive manual coding. The high costs associ-
ated with ABSA dataset development results in a scarcity of publicly available
datasets. ABSA differs from traditional sentiment analysis by marking both spe-
cific aspects present in every sentence and labeling the sentiment corresponding
to each aspect. This process necessitates understanding the domain-dependent
key aspects and the contextual interplay between aspects and intended senti-
ments, which cannot be easily automated. This requirement for manual labeling
significantly contributes to the high costs associated with ABSA dataset devel-
opment and the lack of publicly available datasets. The limited number and
size of available datasets poses challenges for reliably training, testing and com-
paring models, especially transformer-based ones with millions of parameters.
Researchers currently try to determine a small model’s accuracy by averaging
outcomes across multiple runs. However, larger datasets would facilitate more
accurate evaluations [4].

Data analysis on social media platforms like X (formerly Twitter) is espe-
cially relevant due to such platforms’ pervasive roles in enabling viral information
cascades that impact public discourse. Recent studies [8],[3],[20] show that so-
cial media users pay attention to opinions they agree with. It indicates a strong
correlation between biases in the content people both produce and consume. In
other words, echo chambers reinforcing certain biased stances and a tailored me-
dia experience that eliminates opposing viewpoints and differing voices are very
real on social media. Our approach employs community detection algorithms on
retweet (or share) networks to reveal camps and their more homogeneous sub-
communities. This method allows us to use partisan ‘barrier-bound’ users within
a camp to rapidly and cost-effectively produce stance annotated weakly-labeled
ABSA datasets.

For example, recent studies on political discourse on social media [3],[20]
confirm that social media users are exposed mainly to opinions that agree with
their own, and partisan users enjoy higher centrality and content endorsement.
These findings indicate a strong correlation between biases in the content people
both produce and consume. Our approach employs community detection algo-
rithms on the retweet network, revealing camps and their more homogeneous
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sub-communities. Furthermore, by distinguishing between ‘barrier-bound’ parti-
san users, who only interact within their own camps vs. ‘barrier-crossing’ users
[2,11], who attract positive engagement across camps, allows us to use ‘barrier-
bound’ users and their shared core stances sub-community by sub-community
to rapidly and cost-effectively produce weakly-labeled ABSA datasets. We sum-
marize our key contributions as follows:

– We foster large-scale, cost-effective, weakly labeled ABSA datasets by har-
nessing homogeneous stances of partisan users in social media communities.

– We unveil MaskedABSA, a model that enhances aspect-based sentiment
analysis by masking aspect terms in sentences. This improves accuracy in
gauging sentiments toward both known and previously unseen aspects.

– We evaluate the MaskedABSA model’s performance under imbalanced per-
spective conditions, particularly focusing on accuracies for detecting under-
represented minority stances to bolster the fairness of ABSA systems.

– We make experimental datasets and models publicly available via GitHub
at tweetpie/masked-absa.

The remainder of this article is structured as follows: Section 2 explores previ-
ous research relevant to our topic. Section 3 details the procedures involved in
preparing the MaskedABSA and the weakly labeled dataset. Section 4 presents
various experiments and evaluations. Section 5 offers concluding remarks and
future works.

2 Related Works
ABSA has witnessed significant advancements, mainly through deep learning-
based approaches and large-scale pre-trained models. E2E-ABSA [12] utilizes
BERT for token classification with an additional layer for aspect polarity deter-
mination, yielding notable results. Dual-MRC [13] adopts a unique architecture
featuring two adjacent BERT models, one each for extracting Aspect Terms
(AT) and Opinion Terms (OT), which are combined to produce the outputs.
Similarly, Span-ASTE [22] employs a span-level representation approach cou-
pled with BERT to generate Aspect Terms and their corresponding stance pairs.
Conversely, BART-Aspect-Based Sentiment Analysis Model (BART-ABSA) [23]
is a sequence-to-sequence model developed to address ABSA subtasks, leverag-
ing the BART model to tackle the Aspect-Category-Opinion-Sentiment (ACOS)
subtasks. BART-ABSA [9] has demonstrated notable performance improvements
through modifications in data pre-processing and model architecture, capitaliz-
ing on BART’s pre-trained capabilities.

InstructABSA [18] diverges from the BERT architectures by employing pre-
trained models and a sequence-to-sequence transformer by utilizing instruction
queries. Our study uses the T5 transformer to train Masked Sentiment Classifier
models. Introduced by C. Raffel et al. [10], the T5 Transformer demonstrates
remarkable performance, particularly in question-answering tasks, compared to
BERTBASE [6]. Our approach involved training the T5 model using a teacher
forcing method, where the model is provided input sequences and their corre-
sponding target sequences during training, resulting in enhanced performance in

https://github.com/tweetpie/masked-absa
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ABSA tasks. Disentangled Linguistic Graph Model (DLGM) [15], and ABSA-
DeBERTa [14], enrich BERT-based models’ ability to capture intricate relation-
ships between aspects and sentiments.

3 Methodology

3.1 Masked Aspect Sentiment Classification (MASC)

ABSA is a task that provides a polarity of each aspect term in the sentence.
Therefore, Zhang et al. [24] define it as a comprehensive opinion summary at
the aspect level. The process of aspect-based sentiment analysis comprises two
distinct components: Aspect Term Extraction (ATE) and Aspect Term Senti-
ment Classification (ATSC). First, in the Aspect Term Extraction stage, the
model identifies and extracts aspect terms from a provided sentence. Next, in
the Aspect Sentiment classification phase, the model predicts the stance asso-
ciated with identified aspect terms. As a result, the model returns aspect term
and stance pairs. This task is illustrated in Figure 1. We formally define aspect-

Fig. 1: Example of aspect-based sentiment annotation.

based sentiment analysis process as follows. Consider a sentence Si expressed as:

Si = {w1, w2, w3, . . . , wn} (1)

where each wj represents a word in the sentence. Within the sentence Si, we
identify multiple aspect terms denoted by Ai:

Ai = {a1, a2, . . . , ak}, where k <= n (2)

The process of detecting and extracting these aspect terms is termed Aspect
Term Extraction (ATE). Subsequently, each aspect term is associated with a
polarity Pi:

Pi = {p1, p2, . . . , pk}, where k <= n (3)

Each polarity px is categorized as one of the following values:

px = {pos, neg, neutral, conflict, none} (4)

For the sample sentence in Figure 1, the model extracts aspects a1 (price) and
a2 (service). It then determines the polarities as p1 (positive) and p2 (negative),
respectively. As a result, the model outputs pairs such as (a1, p1) and (a2, p2),
returning (price, positive) and (service, negative).

During the Aspect Term Sentiment Classification task, we observe that cur-
rent models tend to overemphasize the mere presence of the aspect term and the
majority bias related to the term, neglecting the broader context of the sentence
when determining sentiment. This tendency may not be readily apparent when
utilizing SemEval datasets, as these are hand-crafted where training and test
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sets exhibit similar distributions. However, when deploying real-world datasets
exhibiting highly skewed or missing labels for specific aspects, the vulnerability
of current ABSA models becomes more evident. These models tend to memorize
the associated word and repeatedly predict the sentiment label previously associ-
ated with it. To mitigate this issue, we introduce the MaskedABSA method. This
technique involves replacing aspect terms within a sentence with a placeholder
token, “[MASK]”, thereby redirecting the model’s focus towards the context of
the sentence.

The procedure modifies the original sentence from Si = {w1, w2, w3, . . . , wn}
to S′

i = {w1, a1, w3, . . . , ak, . . . , wn} considering both the input Si and aspect
terms Ai. For the Mask method, we construct masked sentences such as Mi1 =
{w1, [MASK], w3, . . . , wn} and Mik = {w1, w2, w3, . . . , [MASK], . . . , wn} from
S′
i, where each aspect term ak is replaced by “[MASK]” and for each aspect a

new sample Mik is created. The model, denoted as FMASC , is then tasked with
predicting the polarity of the term represented by “[MASK]” in each sentence.
The model returns a polarity value pk. Thus, we can express the function of the
model as FMASC(Mik) = pk.

3.2 Weakly Labeled Dataset

One effective strategy to address both the scarcity of ABSA datasets and the
challenges of bias involves using weak supervision combined with social network
structures, such as retweet networks [5]. Analyzing the patterns of retweets can
infer the sentiment and aspect orientations prevalent within specific user groups
or topics without requiring detailed sentence-by-sentence manual annotation.
This approach allows for creating large-scale, weakly labeled datasets that can
be refined using machine learning models and further validated through targeted
reviews.

A well-defined codebook, offering guidelines for detecting and annotating
stances on key aspects according to their distinct community orientations, sig-
nificantly enhances the efficiency and consistency of the weakly labeled data
production process.

Several researchers have utilized the Louvain community detection algorithm
on social media networks [19],[1],[7], to extract non-overlapping communities. It
was also observed that [25] users within the same Louvain community tend to
share not only common interests but similar viewpoints and stances on pop-
ular issues and entities. Our approach harnesses per community homogeneous
viewpoints, captured in a codebook, to generate vast amounts of weakly labeled
datasets for ABSA tasks.

U.S. Race Relations Dataset Our dataset, derived from a real-world case,
contains a collection of 9,084,824 tweets from January 1, 2022 to May 31, 2023,
related to race relations in the U.S. The dataset involves 296,540 users and
includes a retweet network with 738,012 edges, depicted in Figure 2. To collect
the dataset, we used keywords related to U.S. race relations, specifically focusing
on five topics - Black Lives Matter (BLM), All Lives Matter (ALM), Issues,
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Races, and Religion. Weakly labeled data is stance annotated data, leveraging
shared community biases as recorded on the codebook’.

Fig. 2: Visualization of polarized
camps in U.S. Race Relations

Fig. 3: Only Barrier-crossing users’ net-
work from U.S. Race Relations dataset

The primary advantages of producing weakly labeled datasets using our ap-
proach are its cost-efficiency and scalability, making it an appealing option in
scenarios where acquiring comprehensive, fully labeled datasets is economically
or logistically not feasible.

Camp Labeling of Users The retweet network graph shows a polarized net-
work comprising two camps with seven sub-communities. Each sub-community
is depicted in a different color in Figure 2.

An experimentally determined edge weight threshold is applied to partition
the network into a pair of polarized camps. These camps are labeled by a panel of
experts as either pro-BLM or pro-ALM, based on an analysis of their most viral
1,000 tweets, examined community by community. In social media analytics,
users’ communication patterns can be categorized as either barrier-bound or
barrier-crossing. Barrier-bound partisan users interact only within their camps,
whereas barrier-crossing users attract positive engagement from both camps. The
barrier-crossing users’ network shown in Figure 3. Previous studies [11],[17] have
shown that contents amplified by barrier-bound users tend to reinforce existing
biases within their groups, creating echo chambers that further polarize opinions.
Our approach leverages the consensus that exists among barrier-bound users
who exhibit clear partisan biases to develop a codebook and rapidly generate
vast amounts of weakly labeled training datasets for MaskedABSA models.

Bias and Sentiment Coding We extracted all noun phrases and named enti-
ties from our corpus using weak labeling for significant aspect terms. Our code-
book encompasses the most frequent and discriminating unigrams, bi-grams, and
other n-grams, including all unambiguous bigrams such as “mental health" that
could be overshadowed by more generic high-frequency unigrams like “health."

Subsequently, three domain experts independently coded the noun phrases
and named entities for their shared stances within the BLM and ALM camps.
These experts then convened in a panel to discuss and reconcile all their differ-
ences toward achieving a consensus on the codebook entries. From the top 3,000
phrases identified, 1,789 are determined to be non-ambiguous. The sentiment
column reveals 496 phrases with negative connotations and 257 with positive
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ones. In terms of bias, 234 phrases are coded as “anti" and 160 as “pro" within
the BLM camp; for the ALM camp, 177 phrases are “anti" and 90 are “pro".

The resulting dataset comprises weakly labeled tweets aimed at dissect-
ing sentiment and ideological biases linked to specific camps and their sub-
communities. Annotations comprise both aspect and stance as depicted in Fig-
ure 4.

Fig. 4: An example of a stance annotated sentence from the BLM camp.

Preparing U.S. Race Relations and Politics Datasets From 62,196 sam-
ples, we separated two distinct sets of data focused on a pair of different themes:
one on race-related issues and the other on politics-related issues and entities.
Initially, we identified 1,206 terms associated with race-related topics and 593
terms with politics-related topics. We then created two separate collections of
tweets: one matching terms related to race relations and another matching terms
related to U.S. politics. We ensured these datasets did not overlap; any tweet
that included terms from both categories was left out. After organizing these
groups, we balanced the training and testing datasets for race relations and
politics themes. We focused on ensuring fair representation from the All Lives
Matter (ALM) and Black Lives Matter (BLM) camps. This approach led to the
identification of 6,760 tweets for the politics dataset and 84,518 tweets for the
race relations dataset.

4 Experiments and Evaluations

In our experiments, we tested our MaskedABSA approach using the SemEval
Dataset and real-world datasets from Twitter.

4.1 SemEval Datasets

For the SemEval datasets, we used four training datasets: Laptop14, Restau-
rant14, Restaurant15, and Restaurant16. These datasets each include training
and test subsets, allowing us to conduct our experimental evaluations compre-
hensively.

The data illustrated in Table 1 and Tabel 2 clearly demonstrate that the
MaskedABSA model surpasses alternative models in terms of performance across
all datasets, showing exceptional robustness even in cross-domain testing scenar-
ios.
4.2 U.S. Race Relations and Politics Datasets

To ensure our dataset is similar in size and scope to the SemEval datasets, we
randomly chose 3,000 tweets for training and 1,000 tweets for testing. While
selecting these tweets for training and testing, we focused on maintaining a
balance between the ALM and BLM camps. Due to the nature of Twitter, where
negative messages often spread more effectively [21],[16], our dataset ended up
having more negative content than positive. The details and key metrics of our
dataset are as shown in Table 3.
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Table 1: ATSC accuracy results (%) on SemEval datasets compared with
MaskedABSA models.

Model Laptop14 Res.14 Res.15 Res.16
BART-ABSA-ALSC[23] 76.76 87.29 76.49 89.10

Dual-MRC[13] 75.97 82.04 75.08 -
InstructABSA2 [18] 81.56 85.17 84.50 89.43

MaskedABSA 86.24 87.65 91.53 94.83

Table 2: Cross-domain ATSC results (%) on SemEval datasets comparing with
the top model in the literature.

Train Test Model Accuracy

Restaurant 14 Laptop14 InstructABSA 82.44
MaskedABSA 84.79

Laptop 14 Restaurant 14 InstructABSA 80.56
MaskedABSA 85.32

Restaurant 15 Hotel 15 InstructABSA 89.74
MaskedABSA 91.37

Table 3: Race and Politics datasets distribution.
Races Dataset Positive Negative Total Politics Dataset Positive Negative Total

Train 885 2115 3000 Train 873 2122 2995
Test 309 699 1000 Test 257 751 1008

We started by developing two models, one trained on the U.S. race relations
dataset and the other on the U.S. politics dataset. The performance of each
model was measured, with the race relations model achieving an F1 score of
71.92 and the politics model scoring 72.10, as shown in Table 4.

For cross-domain validation tests, we tested the performance of each model
using the dataset from the other domain. The results showed only a small drops
in their corresponding F1 scores, only 2.68 points for the U.S. politics dataset
and 2.70 points for the U.S. race relations dataset. These experiments indicate
that the MaskedABSA model maintains strong cross-domain performance, as
shown in Table 4.

Table 4: Cross-domain test results on the U.S. Race Relations and Politics
datasets using MaskedABSA.

Train Single Cross DifferencesTest F1 Test F1
Race Race 71.92 Politics 69.24 -2.68

Politics Politics 72.10 Race 69.40 -2.70

4.3 Bias Test
Aspect terms bias is a phenomenon where a model shows favoritism toward spe-
cific stances for specific terms. To tackle this problem, we developed the masking
method, where context is forced to determine the stance instead of the aspect it-
self. To evaluate the efficacy of our approach, we conducted a bias test analyzing
the accuracy of stance detection corresponding to messages carrying minority
category biases. For instance, if the word “gun control” appears ten times in the
dataset with eight occurrences labeled as anti/negative and two as pro/positive,
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we aimed to determine the accuracy of ABSA on the minority stance category
tweets. In this test, we evaluated the performance of the InstructABSA model
in comparison to the MaskedABSA model. The results demonstrated that our
MaskedABSA model achieved an average accuracy of 45.6% and 57.7% in the
politics and race-related models, significantly surpassing the InstructABSA’s ac-
curacies of 2% and 8% only, respectively. This experiment reveals a fundamental
limitation of state-of-the-art ABSA models: a susceptibility to memorizing ma-
jority category stance labels for aspects, even in contexts that unambiguously
signal a minority category stance. This highlights a critical weakness in their abil-
ity to accurately discern and represent the perspectives of less prevalent groups.

4.4 New Terms Test

To assess the stance detection accuracies for the previously unseen, new aspect
terms issue, we designed an experiment to gauge the effectiveness of the Masked-
ABSA. We analyzed the model’s performance with new aspect terms across U.S.
race relations and politics datasets. Our approach involves replacing the queried
aspect with a new term that does not appear in the training set. As a result,
the aspect terms used in the test datasets were completely new to the models,
having not been introduced during their training. This testing procedure was
replicated for both the race relations and politics datasets to measure the per-
formance of the InstructABSA model. Despite the experimental conditions, the
MaskedABSA model’s accuracy remained the same, as it conceals the queried
aspect term during prediction, rendering the novelty of the term inconsequential.
Additionally, we applied this methodology to the SemEval dataset, introducing
new terms to challenge the model further. The results, documented in Table 5,
clearly illustrate the MaskedABSA model’s enhanced ability to handle new terms
compared to the other models.

Table 5: Accuracy with replacements of new terms.
Laptop 14 Res. 14 Res. 15 Res. 16 Race Politics

Instruct (%) 50.00 71.23 55.08 64.40 53.00 61.84
Masked (%) 86.24 87.65 91.53 94.83 71.92 72.10

5 Conclusions and Future Work

In this study, we addressed the challenge of training set bias in ABSA models
by introducing the MaskedABSA model, designed to focus on the contextual
information of the text rather than merely memorizing majority term senti-
ments. Additionally, our study presents a methodology for constructing weakly
labeled ABSA datasets by utilizing social network connectivity and a codebook
comprising frequent terms. To ensure the robustness and generalizability of our
approach, we rigorously evaluated it using SemEval benchmark datasets and
real-world datasets on U.S. race relations and politics.

We conducted comprehensive tests to assess the model’s effectiveness in han-
dling previously unseen new aspect terms. Our findings demonstrated the su-
periority of the MaskedABSA model over the current state-of-the-art (SOTA)
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models. Rigorous cross-domain testing showed the model’s versatility and ro-
bustness, showing only a marginal performance drop when applied to diverse
real-world domains. The bias test confirmed our model’s superior accuracy in
mitigating aspect term bias, even for minority-held stances.

ABSA can be a powerful tool in detecting and countering mis/disinformation
and fake news while navigating the complexities of breaking news. By dissecting
the sentiment surrounding various aspects of a breaking news story, ABSA can
identify inconsistencies in the language use to raise a red flag when the reported
stances are inconsistent across credible mainstream vs. alternative media sources.

Furthermore, ABSA empowers users to explore the multifaceted landscape of
breaking news by uncovering diverse perspectives from competing factions. By
pinpointing communities engaged in discussions on social media and analyzing
the sentiments within those groups, individuals can gain a deeper understand-
ing of the varied viewpoints surrounding an event. This allows them to form
well-rounded, informed opinions based on a broader spectrum of perspectives,
transcending the limitations of their own echo chambers.
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