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ABSTRACT

Socio-political discourse on digital platforms generates large volumes of
unstructured textual data, posing challenges for reliable sentiment analysis
and contextual interpretation. Conventional sentiment analysis approaches
often lack contextual grounding, while direct use of Large Language
Models (LLMs) may introduce hallucinations, bias, and excessive
generalization. To address these issues, this study proposes an LL.M-based

sentiment analysis system that integrates multi-source data acquisition,
zero-shot sentiment classification, Retrieval-Augmented Generation
(RAG), and generative reasoning for contextual interpretation. Unlike
prior studies that mainly focus on improving model accuracy, this research
emphasizes system-level validation of the entire analytical pipeline. The
evaluation includes sentiment calibration using a Golden Dataset, data
ingestion performance analysis, retrieval quality assessment based on
semantic distance, and generative evaluation using an LLM-as-a-Judge
framework. Experimental results indicate that the system provides stable
data acquisition and produces coherent analytical reports. However,
retrieval noise and neutrality bias introduced by LLM alignment
mechanisms still affect the groundedness of generated outputs. These
findings highlight the importance of retrieval quality and demonstrate the
potential of LLMs as reasoning and evaluation components for analyzing
complex socio-political discourse.
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1. Introduction

The rapid development of public discourse on social media has significantly changed the dynamics of
shaping public opinion, particularly in social and political issues that are evolving rapidly, emotionally,
and often ambiguously in the expression of sentiment. Sensitive topics such as policy reform, corruption,
and public demands such as "17+8 people's demands" often generate complex and emotionally charged
discourse, where sentiment polarity is not always expressed explicitly. This complexity poses challenges
in conducting automated sentiment analysis, especially when the text contains irony, sarcasm, or implicit
criticism. Therefore, sentiment analysis systems that are able to understand the semantic context and
nuances of discourse are becoming increasingly crucial.
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Deep learning-based approaches such as CNN, LSTM, and transformers have been widely used in
traditional sentiment analysis [1], [2]. However, these methods generally rely on human-labeled datasets
and is domain-specific. The advent of Large Language Models (LLMs) opens new opportunities
through zero-shot and few-shot classification approaches, which allow models to infer without domain-
specific retraining [3], [4]. In addition, the Retrieval-Augmented Generation (RAG) integration allows
the system to combine semantic retrieval with generative capabilities to generate context-based reports

[5], [6].

Nonetheless, the use of LLMs in sentiment analysis presents new challenges. First, many systems
utilize labels generated by other LLMs as pseudo-ground-truth, which has the potential to result in
teacher-model bias and inter-model instability. Studies show that LLMs can provide different
interpretations of the same data, especially in evaluative tasks and opinion classification [3], [4]. Second,
alignment through Reinforcement Learning from Human Feedback (RLHF) may affect the model's
sensitivity to political content [7], [8]. RLHF training often penalizes outputs that appear politically
aggressive or controversial, encouraging models to produce safer responses. As a result, in sentiment
classification tasks involving political discourse, the model may prefer neutral interpretations rather than
explicitly negative labels. Third, in RAG architecture, retrieval quality greatly determines the level of
groundedness of the final generation, so the distribution of semantic similarity needs to be analyzed

explicitly [5].

Although various studies have focused on improving the accuracy of sentiment classification or
optimizing model architecture, relatively few studies have evaluated LLM-based sentiment analysis
systems holistically at the pipeline level, particularly those that include data crawling, zero-shot
classification, RAG-based semantic retrieval, and integrated generative output evaluation [2]. As a result,
understanding of the limits of system reliability and inter-component interactions in the LLM-based
sentiment analysis system is still limited in the current literature. In addition, the concept of a
performance ceiling due to the use of system ground-truth labels and the impact of divergence between
LLMs on the interpretation of evaluation metrics are still rarely explicitly discussed. Thus, there is a
research gap in terms of system-level evaluation frameworks for integrated LLM-based sentiment
analysis systems.

This study proposes a system-level validation framework for an LLM-based sentiment analysis system
that includes four main components: (1) model calibration using independent golden datasets, (2) multi-
source data ingestion performance evaluation, (3) retrieval quality analysis based on L2 semantic distance
distribution, and (4) generative evaluation using the LLM-as-a-Judge approach. This approach measures
not only classification accuracy but also architectural bias, realistic performance ceilings, and the
relationship between retrieval dispersion and generative groundedness.

Based on these challenges, this study addresses the following research questions:

RQ1: How reliable is zero-shot sentiment classification for Indonesian socio-political discourse when
evaluated using cross-LLM calibration?

RQ2: How does semantic retrieval quality in the RAG pipeline influence the groundedness of generative
analytical reports?

RQ3: To what extent can LLM-as-a-Judge evaluation provide a reliable indicator of generative reasoning
quality in socio-political sentiment analysis systems?

RQ4: What architectural limitations emerge in an end-to-end LLM-based sentiment analysis pipeline
for dynamic socio-political discourse?

Unlike conventional studies that evaluate sentiment models or RAG pipelines separately, this study
introduces a system-level validation framework that explicitly analyses the interaction between sentiment
classification, retrieval quality, and generative reasoning. In particular, the framework links semantic
distance distribution in the retrieval stage with groundedness scores produced by the LL.M-as-a-Judge
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evaluation, enabling an integrated analysis of how retrieval noise propagates into generative
interpretation. In particular, the contributions of this research are as follows:

*  Propose a system-level validation framework for an LLM-based sentiment analysis system
integrated with the RAG pipeline.

*  Identify and analyze neutrality bias as an architectural effect in NLI-based zero-shot classifications.
*  Introduce the concept of performance ceiling in LLMs' pseudo-ground-truth-based evaluation.
*  Link semantic distance distribution of retrieval with the quality of generative groundedness.

*  Provide an integrated evaluation of the crawling—classification—generation pipeline in the context
of Indonesian-language socio-political discourse.

With this approach, the research not only contributes to the implementation aspect of the system
but also provides a methodological perspective on the validation of LLM-based sentiment analysis
system models in a dynamic and ambiguous data environment.

2. Related Works

2.1. Sentiment Analysis on Social Media and Socio-Political Discourse

Sentiment analysis has long been used to understand public opinion on social media and online
platforms. Early studies have made extensive use of classical machine learning and statistical approaches
to classify sentiment on Twitter data and online forums, particularly in political and public policy
contexts [9]—[11]. This approach has since been developed with the use of deep learning models such as
CNN, LSTM, and hybrid architectures to improve sentiment classification performance on large-scale
data [2], [12], [13].

Nonetheless, most of those studies rely on static datasets and offline analysis processes. In socio-
political contexts, texts are often ambiguous, contain sarcasm, or use informal language, thus decreasing
the accuracy of conventional models and making it difficult to generalize across issues and time [10],
[14]. These limitations encourage the exploration of more flexible and adaptive approaches.

2.2. Large Language Models for Sentiment Analysis

The emergence of LLMs introduced a new approach in sentiment analysis through zero-shot and
few-shot learning capabilities, allowing models to be applied without retraining on specific datasets [3],
[4], [15]-[18]. A number of studies have shown that LLMs are able to capture more complex emotional
nuances and contexts than traditional deep learning models, including in the domains of finance and
long-dimensional texts [4], [19]-[22]. However, a number of studies have also highlighted the
limitations of LLMs in sentiment analysis, especially regarding bias, consistency, and interpretability.
LLMs are known to exhibit systemic biases, including a bias towards neutrality in political texts, which
are influenced by safety alignment mechanisms and RLHF [7], [8]. In addition, the direct application
of LLMs without external context risks producing hallucinations, so the output of the model is not
always tied to the data being analyzed [23], [24]. These findings suggest that the use of LLMs for
sentiment analysis requires additional strategies to be more reliable in real-world applications.

2.3. Retrieval-Augmented Generation (RAG) in LLM-Based Sentiment Analysis Systems

Retrieval-Augmented Generation (RAG) is proposed as a solution to increase the attachment of
LLM output to external data sources by combining retrieval and text generation processes [25]—[28].
This approach has been applied to a variety of domains, such as document-based chatbots, decision
support systems, and clinical data analysis [6], [27], [29]. The studies show that RAGs can reduce
hallucinations and improve the relevance of answers by providing a more structured context for LLMs.
Although RAG is growing in popularity, most research focuses on question answering tasks or specific
non-political domains. Evaluation of RAG in the context of sentiment analysis, particularly in real-time
systems based on multi-source social media and online news, is still relatively limited. In addition, few
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studies have quantitatively evaluated the quality of retrieval and attributed it to the quality of generative
output of LLMs [14], [26], [27].

2.4. LLM System Evaluation and the LLM-as-a-Judge Approach

Evaluating LLM outputs is challenging, as traditional metrics such as BLEU or ROUGE are less
able to represent the quality of reasoning, coherence, and attachment to context [26], [30]. Therefore,
the LLLM-as-a-Judge approach began to be used to assess the quality of model output automatically and
more holistically [14], [16], [31]. This approach utilizes independent LLM:s as evaluators to reduce the
model's judgment bias against its own outputs. Evaluating the operational performance of LLM-based
systems has also attracted increasing attention, particularly regarding inference efficiency and reliability
in real-time applications [32]. Related research also emphasizes the importance of systemic evaluation
that includes aspects of groundedness, robustness against noise retrieval, and potential generative bias
[16], [23], [24]. However, the integration of this kind of evaluation in an end-to-end sentiment analysis
system is still rare, especially in sensitive and dynamic socio-political contexts.

2.5. Position and Contribution of This Research

Based on the above literature review, it can be concluded that previous studies have generally focused
on improving model performance or LLM/RAG applications in specific domains, with limitations to
the overall evaluation of the system. This research positions itself as an intelligent informatics study that
integrates real-time data crawling, zero-shot sentiment analysis, and RAG-based reasoning in one end-
to-end pipeline. In contrast to previous research, the main focus of this study is component-by-
component evaluation and analysis of the practical limitations of LLMs in real applications, particularly
in multi-source-based socio-political discourse. This approach expands the perspective of evaluation
from simply measuring classification accuracy to architecture-level system validation.

3. System Architecture

The proposed system architecture is designed as an end-to-end intelligent informatics system that
integrates real-time data acquisition, sentiment analysis, and reasoning based on LLMs. Pipeline-based
architectures are increasingly used in LLM-based sentiment analysis system to integrate information
retrieval, analysis, and text generation processes in an integrated manner [27], [33]. As illustrated in Fig.
1, the architecture integrates three main processes: multi-source data acquisition, zero-shot sentiment
classification, and RAG-based reasoning. This pipeline structure enables the system to transform raw
socio-political discourse into contextual analytical reports through a combination of retrieval and
generative reasoning. This architecture allows for integration between sentiment classification processes
and generative reasoning to produce a more contextual interpretation of public discourse.

3.1. User Input Layer

The system begins with Input Keywords provided by the user to represent the topic or issue to be
analyzed. This keyword triggers the entire analysis process in the system and is used in parallel by two
main modules, namely the sentiment analysis module and the reasoning module, thus ensuring the
consistency of the context in both processing paths.

3.2. Data Acquisition Layer

This layer is responsible for collecting text data from various online platforms through a keyword-
based scraping and crawling process. The main data sources include online news, discussion forums, and
social media comments. The data obtained is then processed through the initial cleanup stage to
eliminate duplication, text noise, and non-linguistic elements before being used in the next stage of
analysis

4. Method

This section describes the methods used to validate the proposed LLM-based sentiment analysis
system. Unlike approaches that emphasize model development or optimization, this study evaluates the
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performance of the entire end-to-end system, including sentiment analysis modules, data acquisition,
RAG-based retrieval, and system generative outputs. The evaluation framework consists of four main
components, each of which represents a critical stage in the system architecture.

Input Keyword

Scrapper for Sentiment Analaysis Scrapper for Reasoning Model
- Youtube ipedia Page -
Preprocessing Data Parsing Data
Database Database
Reddit Google News
l RAG for Sentiment Analysis RAG for Reasoning Model
Vector
Zero-Shot Sentiment Keep Top K With R L'E}tg'. R%‘rle\’;al Representation using
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of Data Structures Transformer
1 1 0 o T l
Semantic - . Initialize FAISS Index
Representation & s F‘:'E' O{{‘RN""“S C";“Q’F‘{‘ Processing 2 Add All Text
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Enc;d;doue\l;j l\:r‘no Sefarc_r; FA|I<S§ index for Top K Docs Based Encsddedl)ue\:y ICTto
mbedding Vector or Top ocs on Similarity Distance mbedding Vector
h 4

f Chat History ;

Fig. 1. System architecture of the proposed LLM-based sentiment analysis system integrating data scraping,
sentiment analysis, and RAG-based reasoning

4.1. Sentiment Model Calibration Using a Golden Dataset

The sentiment calibration stage in this study aims to evaluate the reliability of the XLM-RoBERTa-
Large-XNLI multilingual zero-shot model in analyzing Indonesian-language socio-political discourse.
In contrast to the previous approach that used a small golden dataset, this study builds a large-scale
evaluation corpus derived from two LLMs developed for the Southeast Asian context, namely Sahabat
Al (SAI) and SealLLM (SEA). The initial dataset was obtained through an exact-text matching process
between the labeling results of the two models, resulting in 4,489 integrated entries.

The initial distribution of data showed a significant class imbalance, with about 76% of the sample
labeled negative and 24% labeled positive. This inequality has the potential to produce biased accuracy
estimates due to the dominance of the majority class. Therefore, a merge-first, sample-second strategy
is applied, where all data from the merger is maintained first, then balanced sampling is carried out based
on the SAI label. A total of 1,000 negative samples and 1,000 positive samples were randomly selected
(random_state = 42) to form a controlled evaluation corpus of 2,000 samples. This class-balancing
strategy ensures that evaluation metrics such as precision, recall, and F1-score are not distorted by class
imbalance, as has been emphasized in the modern sentiment analysis evaluation literature [2], [34].

Before evaluating the performance of XLM-RoBERT4, an analysis of inter-LLM agreement was
conducted to determine the limits of empirical reliability. Although human annotation is commonly
considered the gold standard in sentiment analysis, this study adopts cross-LLM calibration due to the
large scale and dynamic nature of socio-political discourse data. Previous research has shown that
multiple independent LLM annotators can provide consistent pseudo-ground-truth labels when inter-
model agreement is explicitly measured. Therefore, the agreement between SAI and SEA is used as a
practical empirical reliability bound in this system-level evaluation framework. Of the 2,000 balanced
samples, 1,467 samples (73.35%) showed label conformity between SAI and SEA, while 533 samples
(26.65%) showed disagreement. Analysis of the direction of disagreement showed an asymmetrical
pattern, with 407 cases in which SAI labeled positive while SEA labeled negative, and 126 cases with the
opposite pattern. These findings indicate a difference in calibration tendencies between the two models,
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where SealLLM tends to be more conservative in interpreting socio-political expressions as negative
sentiments. Cohen’s Kappa coefficient is calculated to measure agreement beyond random chance and
yields a value k = 0.467 which belongs to the category of moderate agreement according to the standard
interpretation scale [35]. Thus, the 73.35% agreement rate can be seen as an empirical performance
ceiling in the context of LLM-based sentiment analysis system automated annotation. This variation in
alignment between models has also been reported in LLMs evaluation and benchmarking studies that
show differences in interpretation between models in text classification and assessment tasks [3], [4].

Because XLM-RoBERTa-Large-XNLI produces three sentiment classes (negative, neutral,
positive), while SAI and SEA use binary (negative/positive) schemes, two evaluation strategies were
carried out to address label space mismatches. The first strategy maps neutral predictions into negative
classes as a conservative approach, assuming that in political discourse, neutral expression often
represents implicit criticism. The second strategy excludes all neutral predictions and calculates
performance metrics only on binary predictions. Adaptations of these kind of evaluation strategy are
commonly used in Natural Language Inference-based model benchmarking studies when the model
label space is not fully aligned with the dataset's annotation scheme [4], [15]. The metrics used in the
evaluation included accuracy, precision, recall, macro F1-score, weighted F1-score, and Cohen's Kappa.

To ensure the statistical robustness of the evaluation results, a 95% confidence interval is calculated
using the standard binomial proportion formula. In the XLLM (filtered strategy) evaluation of SAI with
an accuracy of 0.6918 and N = 1.408, a confidence interval of around [0.667, 0.716] was obtained.
Meanwhile, in the comparison of SAI and SEA with an accuracy of 0.7335 and N = 2.000, the confidence
interval was in the range [0.713, 0.753]. Relatively narrow intervals indicate the stability of performance
estimation under balanced sampling conditions. In addition, the McNemar test was applied to evaluate
the consistency of paired predictions between evaluation strategies. The test results showed a statistically
significant difference (p < 0.05), so the observed performance improvement could not be considered a
mere random variation. The use of confidence intervals and paired significance tests is a common practice
in the evaluation of modern LLM classification and benchmarking systems [16], [36]. With this
approach, sentiment calibration not only assesses the suitability of the model to a single annotation
source, but also measures cross-model reliability and empirical agreement limits in the context of
Indonesian socio-political discourse.

4.2. Data Ingestion Performance Evaluation

Evaluation at the data ingestion layer aims to measure the stability and responsiveness of the system
in conducting multi-source data acquisition in semi-real time. This module is responsible for crawling
and preprocessing text from several public platforms, including Google News, Reddit, and YouTube
comments, based on user-entered keywords. This kind of web crawling-based data acquisition approach
has been widely used in information extraction systems from social media to support the analysis of
emotions and public opinion [37]. Because the system is designed to support sentiment analysis and
reasoning based on Retrieval-Augmented Generation (RAG), the performance of this layer is crucial in
determining the overall operational feasibility of the system.

The main metric used in this evaluation is latency, which is defined as the total time (in seconds) it
takes from the time the query is entered until the scraped text data is ready for use at the next stage of
analysis. Latency measurement covers the entire acquisition process, including document retrieval,
content parsing, and initial text cleanup. Latency was selected as the primary metric because the system
is intended to monitor dynamic socio-political issues, so response time becomes a more relevant indicator
of performance than just the volume of data obtained.

To test the system's resilience to variations in topic complexity, evaluations were conducted on three
query categories with different characteristics, namely: (1) niche topics with limited scope and low
volume, (2) general topics with wide scope and high volume, and (3) specific issue topics with high
public discourse intensity. This approach allows for comparative analysis of latency based on the variation
in the number and heterogeneity of documents that must be processed by the system.
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All measurements were performed in a consistent system configuration with no changes to model
parameters or infrastructure during the experiment. Thus, the observed latency variation can be
attributed to topic characteristics and content volume, rather than to changes in the system's technical
configuration. This evaluation is not intended to optimize crawling performance, but rather to ensure
that the data acquisition layer has sufficient stability and responsiveness as the foundation for LLM-
based sentiment analysis systems and reasoning pipelines.

4.3. Maintaining the Integrity of the Specifications

To ensure experimental validity and prevent evaluation bias, this study strictly applies the principle
of component isolation and integrity of system specifications. The entire evaluation was conducted in a
zero-shot scenario, with no additional fine-tuning processes on the XLM-RoBERTa-Large-XNLI
model or on the generative model used in the pipeline. As such, the reported performance reflects the
model's built-in generalization capabilities, rather than the result of adaptation to a specific evaluation
dataset. This kind of zero-shot approach is commonly used in LLM benchmarking to maintain
evaluation objectivity and avoid bias due to retraining on evaluation datasets [4], [15].

In addition, there is no data leakage between the data used in the sentiment calibration evaluation
and the corpus used in the retrieval stage in the Retrieval-Augmented Generation (RAG) architecture.
The evaluation dataset is built from the annotation results of the SAI and SEA models, while the retrieval
system takes context based on dynamic crawling results from public sources (YouTube and Reddit)
through user queries. This separation ensures that the model does not evaluate the same text that is
used as a generative context, thus avoiding performance inflation due to information redundancy.

The integrity of the specification is also maintained by keeping the model configuration consistent
throughout the experiment. Model parameters, architectural versions, and evaluation strategies are not
changed between experiments. The class balancing strategy is applied before the evaluation without
modifying the model's internal distribution. Thus, the observed performance change can be attributed
to the evaluation strategy, not to the system configuration change.

In the generative stage, a separation of roles between the generator model and the evaluator model
is also applied to avoid self-preference bias, i.e., the tendency of the model to assess its own output more
positively. The Mistral 7B model is used as a report generator, while the Llama-3-70B-Instruct model
is used as an independent evaluator in the LLM-as-a-Judge framework. This cross-evaluation approach
has been recommended in the modern LLM evaluation literature to improve the objectivity of
assessment [16], [36].

Finally, all experiments were carried out with reproducible procedures, including the use of fixed
random seeds in the sampling process and systematic recording of metrics. Although annotation is
performed automatically by LLMs, inter-LLM agreement analysis and statistical significance testing are
applied to mitigate potential systematic bias. With this approach, the research not only evaluates the
performance of the model, but also ensures that the evaluation process takes place within a controlled
and transparent experimental framework.

4.4. RAG Retrieval Quality Evaluation using Semantic Distance

The retrieval stage in the Retrieval-Augmented Generation (RAG) architecture acts as a context-
providing mechanism for generative models. The quality of the context captured directly affects the
quality of generative output, because the principle of "garbage in, garbage out" applies strongly to LLM-
based sentiment analysis systems. Therefore, retrieval evaluation is not only carried out descriptively, but
also quantitatively using embedding-based semantic similarity measurements.

In this study, a text vector representation was generated using the all-MiniLM-L6-v2 sentence
embedding model, and the document search process was carried out using FAISS IndexFlatL.2 based on
Euclidean distance (L2 distance). This kind of semantic embedding-based retrieval approach is widely
used in modern dense retrieval systems to improve the relevance of context in LLM and RAG pipelines
[38]. For each user query, the embedding query is compared to the document embedding in the database,
and the number of documents with the lowest distance is taken as context. Retrieval quality is measured
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through the distribution of L2 distance values between the query and the retrieved document.
Conceptually, smaller L2 distance values indicate higher semantic similarity between the query and the
retrieved document. The distance distribution was then analyzed to identify three main indicators: (1)
the mean value of the distance, (2) the distribution (standard deviation), and (3) the presence of outliers
with high distances that could potentially represent semantic noise.

The results of the analysis showed that the retrieval distribution had an average distance shift in the
range of 0.35-0.40, with a relatively widespread distribution compared to the ideal retrieval
configuration. The presence of multiple documents at a higher distance indicates that the system
retrieves not only highly relevant documents, but also semantically adjacent documents; that is, they
have a general topical relevance but do not fully answer the specific intent of the query. This
phenomenon has the potential to cause noise injection into the context window, which then affects the
quality of groundedness at the generative stage.

Previous literature has shown that RAG performance is highly sensitive to retrieval quality and
embedding alignment to the target language [5], [26]. In the context of this study, the use of all-
MiniLLM-L6-v2, which is optimized primarily for English, has the potential to result in a mismatch of
semantic representations in Indonesian texts. Cross-lingual retrieval mismatch has been reported to
degrade semantic similarity performance when embedding models trained primarily on English corpora
are applied to other languages [30]. This cross-lingual embedding mismatch may explain a wider
distribution of distances than expected. The retrieval evaluation in this study is not intended to optimize
the embedding model, but rather to identify the limits of overall system performance. By quantifying
the semantic distance distribution, this study correlates retrieval quality with groundedness scores at the
generative stage, thus enabling a systemic analysis of the interactions between components in the RAG
architecture.

4.5. Generative Evaluation using LLM-as-a-Judge

The final stage in the system architecture is the evaluation of the quality of generative reports
generated through the Retrieval-Augmented Generation (RAG) approach. After the process of crawling,
sentiment classification, and context retrieval is performed, the generative model (Mistral 7B) generates
an analytical report based on the synthesis of the collected data. Because generative outputs are narrative
and reasoning-oriented, their evaluation cannot rely on token similarity-based metrics such as BLEU or
ROUGE that are commonly used in translation or summarization tasks. Therefore, this study adopts
the LLM-as-a-Judge paradigm, which is the use of an independent LLM as an evaluator of the quality
of generative outputs.

The evaluator model used is Llama-3-70B-Instruct, which differs from the generator model to
prevent self-preference bias, i.e., the tendency of the model to assess its own output more positively.
This kind of evaluation approach has been widely used in modern LLM evaluation research to reduce
assessment bias and increase the objectivity of generative evaluation [16], [26]. The evaluation was
conducted using a structured prompt that asked the evaluator model to assess three main aspects of
report quality, namely coherence, groundedness, and neutrality. Coherence refers to the logical
consistency and readability of the report's structure, including inter-paragraph continuity and clarity of
argumentation. Groundedness measures the extent to which the claims and interpretations in the report
are actually supported by the documents obtained at the retrieval stage, thus minimizing the possibility
of unfounded hallucinations or generalizations. Meanwhile, neutrality assesses whether the report
maintains an objective academic tone without reinforcing the emotional or provocative language that
may be present in the raw source text.

Each dimension was graded on an ordinal scale of 1-5 based on the evaluator's response to the prompt
that had been standardized and unchanged during the experiment. No manual adjustments were made
to the scores produced by the evaluator model. Although this approach allows for a more comprehensive
assessment of reasoning quality and context alignment than conventional automated metrics, this study
recognizes that LLM-based sentiment analysis system evaluations remain model-dependent and do not
completely replace human evaluations. Therefore, the score obtained is treated as a comparative indicator
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of system quality in a controlled experimental context. Although this approach allows for a more holistic
evaluation of generative quality, a number of studies have shown that LLM-based sentiment analysis
system evaluations remain limited by evaluator model bias, so score results should be understood as
comparative indicators in specific experimental contexts [16].

5. Results and Discussion

This section presents the results of the evaluation and discussion of the proposed LLM-based
sentiment analysis system. The results were compiled following four aspects of evaluation that have been
described in the Methods section, namely sentiment model calibration, data acquisition performance,
retrieval quality in the RAG pipeline, and LLM-based sentiment analysis system generative output
quality. This approach ensures clear traceability between evaluation methods and empirical findings.

5.1. Results of Sentiment Model Calibration

The sentiment calibration evaluation was carried out using a balanced dataset of 2,000 samples built
through merge-first and balanced sampling strategies (1,000 negative and 1,000 positive). This evaluation
aims to measure the performance of XLM-RoBERTa in the context of Indonesia's socio-political
discourse and compare it with the level of agreement between LLMs as the limit of empirical reliability.
Initial analysis was carried out on the agreement between two annotator models, namely Sahabat Al
(SAI) and SeaLLM (SEA). Of the 2,000 balanced samples, 1,467 samples (73.35%) showed label
conformity, while 533 samples (26.65%) showed disagreement. Cohen's Kappa value of 0.467 indicates
a moderate level of agreement. These findings suggest that even two models that were jointly developed
for the context of Southeast Asian languages are not fully aligned in interpreting political sentiment.
Therefore, this figure of 73.35% can be viewed as an empirical performance ceiling in this dataset
configuration, as the level of agreement between annotators' methods limits the maximum performance
that can be realistically achieved by other classification models evaluated against the same annotation
reference.

The evaluation of XLLM-RoBERTa was first carried out using a binary mapping strategy (neutral —
negative). At this configuration, the model achieves an accuracy of 0.662. Fig. 2 presents three confusion
matrices under balanced sampling. The left panel compares XLM-RoBERTa predictions with Sahabat
Al labels, the middle panel compares predictions with SeaLLM labels, and the right panel illustrates the
agreement between the two LLM annotators.
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Fig. 2. Confusion matrices under balanced sampling (N = 2000). The left panel shows XLM-RoBERTa
predictions compared with Sahabat Al the middle panel shows predictions compared with SeaLLM, and
the right panel illustrates inter-LLM agreement between the two reference models

Based on the XLM-RoBERTa confusion matrix on SAI (left panel), a total of 744 negative samples
were correctly classified as negative, while 256 negative samples were incorrectly classified as positive. In
the positive class, 580 samples were correctly predicted, while 420 samples were misclassified as negative.
This pattern shows that the misclassification errors are relatively balanced between classes, but the level
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of false negative in the positive class is quite significant. When compared to the right panel (SAI vs
SEA), even between LLMs there are 407 cases of difference in the positive class and 126 in the negative
class, which confirms the calibration variation between models.

When the filtered evaluation strategy was applied—by excluding all neutral predictions, the accuracy
increased to 0.6918 in the remaining 1,408 samples. The 95% confidence interval for this configuration
is in the range [0.667-0.716], which indicates the stability of the estimated performance under balanced
sampling conditions. The McNemar test confirmed that the difference in performance between binary
and filtered mapping strategies was statistically significant (p < 0.05), so the improvement could not be
considered a random variation.

Further analysis showed that 29.6% of the entire sample was predicted to be neutral by XLM-
RoBERTa. Fig. 3 shows the distribution of XLM-RoBERTa predictions under balanced sampling,
highlighting the relatively high proportion of neutral classifications. This distribution highlights the
model's tendency to produce neutral predictions in texts that are political in nature, suggesting the
existence of neutrality bias in zero-shot classifications.

XLM Raw Predictions (N=2000)
(592 neutrals = 29.6%)

negative
(572)

positive
(836)

neutral
(592)

Fig. 3. Distribution of XLM-RoBERTa predictions showing 29.6% neutral classification under balanced
sampling

The relatively high proportion of neutral predictions in the context of political discourse indicates a
tendency for neutrality bias in Natural Language Inference-based models (NLI). Models tend to be more
cautious in classifying expressions of implicit criticism as negative, especially when they do not contain
explicit linguistic indicators that are confrontational in nature. This phenomenon explains why filtered
strategies perform better than binary mapping, as many neutral predictions come from a sample that the
LLM annotator categorizes as negative.

When compared to the inter-LLM agreement limit of 73.35%, XLM-RoBERTa's best performance
(69.18%) is within about four percentage points of the empirical ceiling. This gap suggests that some of
the performance differences can be attributed to the architectural limitations of NLI-based zero-shot
models, particularly in addressing ambiguity and implicit criticism in socio-political discourse. Thus,
these results not only represent the model's degree of accuracy but also map the limits of the reliability
of automatic sentiment classifications in Indonesia's socio-political context.

The comparative summary in Table 1 shows that the best configuration was obtained in the filtered
evaluation strategy of SAI with an accuracy of 0.692 and an F1-weighted of 0.689. This value is within
a relatively small distance of the inter-LLM agreement level (0.734), which is positioned as the empirical
performance ceiling. The slightly overlapping confidence interval between the XLM-RoBERTa best-
configured configuration ([0.668-0.716]) and the inter-LLM limit ([0.714-0.753]) suggests that some
of the performance gaps may be within the limits of statistical estimated variability.
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Table 1. Summary of sentiment calibration performance under balanced sampling (N = 2000). Inter-LLM
agreement (SAI vs SEA) represents the empirical performance ceiling, while XLM-RoBERTa results are
reported under both binary (neutral—negative) and filtered evaluation strategies with corresponding 95%
confidence intervals

: o F1 F1 F1
Comparison N Accuracy 95% CI Kappa (neg) (pos) (weighted)
XLM
(neutral—neg) vs 2000 0.662 [0.641-0.683] 0.324 0.688  0.632 0.660
SAI
XLM
(neutral—neg) vs 2000 0.548 [0.526-0.569] 0.051 0.630  0.418 0.554
SEA
XLM (no neutral) 40 0.692 [0.668-0.716] 0.375 0.645  0.728 0.689
vs SAI
XLMVi“g’E‘XumD 1408 0.503 [0.477-0.529] 0.054 0.523 0.482 0.508

Fig. 4 shows that the filtered evaluation strategy (accuracy 0.692) is close to the empirical reliability
limit determined by inter-LLM agreement (0.734). A performance difference of 0.042 (4.2 percentage
points) indicates that the available upgrade space is relatively limited in this dataset configuration. This
visualization is consistent with the previous trust interval analysis, where XLM-RoBERTa's best
performance estimates show a slight overlap with inter-LLM boundaries. Thus, the performance of the
classifier cannot be evaluated absolutely, but must be contextualized against the level of reliability of the
annotation reference used.

In contrast, the performance against SEA was relatively lower on both strategies, with a Kappa value
close to zero. This indicates a significant difference in label calibration between the two LLM annotators.
These findings confirm that variations between annotator models have a direct impact on classifier
evaluation, so accuracy interpretations should always be contextualized against the level of reference
agreement used.

These findings suggest that the performance of sentiment classification in the socio-political domain
should be understood as a function of annotator reliability, not just model optimization. When two
LLM annotators show a moderate level of agreement, then a classifier that is close to that level is
statistically at the limit of practical reliability. As such, future performance improvements are likely to
depend more on the harmonization of annotation schemes and cross-model consensus than simply
refinement of the classifier architecture.

Performance Comparison Against Empirical Ceiling
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Fig. 4. Accuracy comparison between XLM-RoBERTa classification strategies and inter-LLM agreement (SAI
vs SEA), which represents the empirical performance ceiling under balanced sampling
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5.2. Result of Data Ingestion Performance

All latency measurements were conducted using the Google Colab cloud environment with a standard
runtime configuration (Intel Xeon CPU and approximately 12 GB RAM) without GPU acceleration
under stable internet connectivity. The crawling and preprocessing modules were executed using
Python-based scraping scripts without GPU acceleration. The same runtime configuration was
maintained throughout all experiments to ensure consistent latency measurement across difterent query
scenarios. Fig. 5 presents the average data ingestion latency for three query categories with different topic
complexities. The relatively small latency variation across queries indicates that the scraping and
preprocessing modules remain stable despite differences in discourse volume and topic breadth. Latency
is defined as the total time it takes the system from the time the query is entered until the entire scraping,
parsing, and initial cleanup process of text is complete and the data is ready to be processed at the next
stage of analysis. The test results showed that the "17+8 people's demands" niche query had an average
latency of about 1.20 seconds. The topic "Reformasi" produces a latency of about 1.22 seconds, while
the topic "Corruption" shows the highest latency, which is about 1.30 seconds. The latency difference
between topics is relatively small (+0.1 seconds), which suggests that variations in query complexity do
not result in significant performance fluctuations at the data acquisition layer.

Data Ingestion Latency

12

Seconds
o o =
(=] «@ [=]

o
b

o
[

=]
o

at ash aps
ugan astor™ ot

R

keyword

Fig. 5. Average data ingestion latency across different query complexities for the multi-source scraping module

Although issues such as "Corruption" in general have a wider and heterogeneous scope of public
discourse, the observed increase in latency remains within a narrow range. This indicates that the
scraping and preprocessing modules are able to adapt to the volume and diversity of content without
experiencing significant performance degradation. Overall, these findings suggest that the data ingestion
layer on the proposed system has sufficient stability and responsiveness to support semi-real-time
sentiment analysis. With an average latency of under 1.5 seconds across all query categories, it can serve
as a reliable foundation for Retrieval-Augmented Generation pipelines and LLM-based sentiment
analysis system reasoning at a later stage.

5.3. RAG Retrieval Quality Analysis

Fig. 6 illustrates the distribution of 1.2 semantic distances between query embeddings and retrieved
documents in the RAG pipeline. While lower distances indicate highly relevant documents, the presence
of higher-distance values suggests moderate retrieval noise. This distribution provides empirical evidence
that some retrieved documents are only partially relevant, which may influence the groundedness of the
generated reports. Analysis was performed on the top-K document of the representative query "17+8
people's demands” using the all-MiniLM-L6-v2 embedding model and FAISS IndexFlatL.2-based
search. L2 distance values are in the range of about 0.4 to 1.2, with the majority of documents
concentrated in the interval of 0.6 to 1.0. The presence of documents with low distances (0.4-0.6)
indicates that the retriever system is capable of finding semantically relevant content. However, a
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distribution that widens to above 1.0 indicates that some documents in the top K have only general
semantic proximity, not strong topical relevance.

This distribution reflects the presence of moderate noise retrieval. In the practice of RAG systems, a
semantic distance distribution that widens to above 1.0 generally indicates the presence of a document
with partial topical relevance, which in the retrieval literature is often associated with moderate noise at
the generative context stage [12]. In a Retrieval-Augmented Generation architecture, noise at the
retrieval stage can cause some of the less relevant context to enter the generation window. This condition
has the potential to lower the level of groundedness, because generative models not only rely on
documents that are truly relevant, but are also exposed to fragments of information that are peripheral.
Factors contributing to this relatively wide distribution of distance include the use of embedding that is
more optimized for English than Indonesian, as well as the absence of a cross-encoder-based re-ranking
mechanism to refine retrieval results. Therefore, the results in Fig. 6 directly become an interpretive
context for the generative evaluation in Subchapter 5.4, especially regarding groundedness scores that
have not reached the optimal level.

RAG Retrieval (L2 Distance)
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Count
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|
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Lower is Better
Fig. 6. Distribution of 1.2 semantic distances between query embeddings and retrieved document embeddings in
the RAG pipeline. Lower values indicate higher semantic similarity

5.4. Generative Evaluation Results using LLM-as-a-Judge

Generative evaluation was conducted using the LLM-as-a-Judge approach, where the independent
model Meta-Llama-3-70B-Instruct was used to assess the quality of the reports generated by Mistral
7B. This approach aims to reduce self-preference bias and provide a more objective assessment of the
quality of the final generation. Fig. 7 summarizes the generative evaluation results using the LLM-as-
a-Judge framework. The relatively high coherence and neutrality scores indicate that the system is able
to produce structured and balanced analytical reports, while the groundedness score reflects the model’s
ability to utilize retrieved context effectively. The coherence score shows that the resulting report has a
logical argumentation structure and a systematic delivery flow. The model is able to summarize the
results of sentiment analysis in an organized and easy-to-understand format.

In terms of neutrality, a score of 4.0 indicates that the system manages to maintain an academic tone
and reduce emotional or provocative language, even though the raw data source comes from socio-
political discourses that tend to contain strong opinions. This shows that generative models are able to
abstract information without reinforcing the bias or polarization contained in the source data.
Interestingly, the groundedness score reached 5.0/5.0 according to the LLM-as-a-Judge evaluation,
which indicates that the resulting reports consistently refer to the retrieved documents and show no
strong indication of claims that are not supported by the available context. These findings suggest that
although in Subchapter 5.3 there is an indication of a relatively wide semantic distance distribution,
generative models are still able to selectively utilize the most relevant contexts and ignore less
contextually related fragments. In other words, these results suggest that the generator is capable of
utilising relevant context from the retrieval stage. However, since the groundedness evaluation is also
performed by an LLM-based evaluator, the possibility remains that subtle hallucinations or unsupported
claims may not be fully detected, particularly in complex socio-political contexts.
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Overall, the results of this generative evaluation confirm that the quality of LLM output is not only
determined by the model's ability to string text, but is also strongly influenced by the quality of the
context provided by the RAG pipeline. Thus, the increase in groundedness at the generative stage is
highly dependent on the optimization of retrieval mechanisms, not solely on increasing the capacity of

the language models used.

Judge: Meta-Llama-3-70B-Instruct

w

[N}

[

Coherence Groundedness Neutrality

Fig. 7. Generative evaluation scores for coherence, groundedness, and neutrality assessed using an independent
LLM-as-a-Judge (Llama-3-70B-Instruct)

5.5. Discussion: System-Level Validation Perspective

The results of the evaluation in Subchapters 5.1 to 5.4 show that system performance cannot be
understood through accuracy metrics or generative scores alone. In contrast, performance dynamics are
influenced by the interaction between model architecture, the system ground-truth labels sources, and
retrieval-generation pipeline configurations. Recent research also explores the integration of LLMs with
structured knowledge and reasoning frameworks [38]-[40]. Therefore, this discussion examines the
implications of research results from the perspective of system-level validation.

e Neutrality Bias as Architectural Effect : The findings at the calibration stage show the tendency
of the XLM-RoBERTa-based zero-shot model to classify implicit political criticism as neutral
rather than negative. This phenomenon is related to the characteristics of Natural Language
Inference-based (NLI)-based models, which map logical relationships between texts and tend to
choose neutral labels when contradictory relationships are not explicit. In addition, RLHF-based
alignment processes in modern models are known to affect sensitivity to political or controversial
content [7], [8]. Thus, neutrality bias in this context is not just a prediction error, but an
architectural and alignment consequence. Therefore, LLM-based political sentiment analysis
systems must be evaluated while considering these structural biases.

e Inter-LLM Calibration Divergence: Comparisons between AI Friends and SeaLLM show an
imperfect level of agreement, even though both act as pseudo-ground-truth label providers. This
suggests that LLM-based sentiment analysis system datasets have an inherent level of uncertainty.
The recent literature also highlights that LLM models can produce different interpretations of the
same data, particularly in evaluative tasks and opinion classification [3], [4]. This divergence
reinforces the importance of additional calibration based on independent datasets. Without such an
approach, evaluation risks only measuring similarity between models, not conformity to human
interpretation.

e Performance Ceiling Implications: The level of agreement between LLMs implicitly forms a
realistic performance ceiling when evaluating LLM-based sentiment analysis system labels. If the
two reference models do not reach full agreement, then the expectation that the third model will
exceed that limit becomes methods irrational. This concept is in line with findings in LLM
evaluation studies and generative-based sentiment systems, which show that the quality of labels
and reference sources strongly influence the limits of achievable performance [4]. Therefore, the
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interpretation of metrics such as accuracy and Cohen's Kappa must be placed in the context of label

quality and stability.

e Balanced Sampling Impact: The use of balanced sampling in this study aims to reduce distortions
due to class imbalances, thereby providing a more proportional performance picture to the model's
ability to distinguish between positive and negative sentiments. Previous studies have shown that
unbalanced class distribution can significantly aftect the interpretation of evaluation metrics in
sentiment analysis [2]. However, balanced sampling also results in more controlled evaluation
conditions than the natural distribution of social media data. Therefore, the results of the evaluation
reflect strong internal validity, although generalizations to real-world distributions need to be
further tested.

¢ Deployment Implication: From an implementation perspective, the proposed RAG architecture
demonstrates the ability to produce coherent, neutral, and well-grounded reports. Previous studies
on RAG pipelines for LLM-based sentiment analysis system applications have also shown that the
integration of retrieval and generation can improve output reliability if the retrieval mechanism is
well controlled [5]. However, the existence of neutrality bias and the limitations of cross-lingual
embedding suggest that this system is more appropriately positioned as a decision-support system,
rather than as an automated decision-making system. The system-level validation carried out in
this study provides a more comprehensive evaluation approach than measuring classification
accuracy alone.

6. Conclusion

This study aims to validate a sentiment analysis system based on the LLMs that integrates multi-
source data acquisition, zero-shot sentiment classification, Retrieval-Augmented Generation (RAG), and
generative reasoning to support socio-political public opinion analysis. This integrative approach reflects
a growing trend of positioning LLMs as reasoning components in large-scale data-driven analytics
systems [3], [4], [36]. In contrast to the approach that focuses on optimizing the accuracy of the model
alone, this study places the LLM as a reasoning and evaluation component in a controlled and
measurable end-to-end pipeline. The results of the evaluation show that the proposed system is able to
operate consistently at all stages of the pipeline. The XLM-RoBERTa-based zero-shot sentiment
classification module shows adequate baseline performance on the Golden Calibration Dataset, although
it still faces challenges in distinguishing neutral and negative sentiment in implicit political contexts.
The data ingestion module proved to be stable and responsive at various levels of topic complexity, while
the evaluation of retrieval quality in the RAG pipeline showed that the system was generally capable of
providing relevant context, although there were still variations in semantic proximity that could affect
the groundedness level of the generative output. Generative evaluation using the LLM-as-a-Judge
approach confirms that the resulting analytical reports have a good level of coherence and neutrality, but
are still limited in terms of full attachment to the context of the retrieval results. However, this study
also reveals some limitations. First, the use of zero-shot sentiment classifications that have been
harmonized through Reinforcement Learning from Human Feedback (RLHF) leads to a tendency to
neutralize political criticism that is indirect. Second, the retrieval mechanism based on semantic
similarity still allows the entry of semantically adjacent but less relevant content, which has a direct
impact on the quality of the LLM's reasoning. In addition, Although the calibration dataset was
expanded to 2,000 balanced samples, the absence of human-annotated ground truth remains a limitation
for fully generalizable evaluation. As a further direction of research, several developments can be made
to improve the quality and reliability of the system. Follow-up research may explore more rigorous
retrieval screening strategies or context-based reranking to improve the groundedness of generative
outputs. Recent advances also show that large language models are increasingly capable of supporting
complex reasoning and social event interpretation tasks, which opens opportunities for extending
sentiment analysis systems toward more advanced contextual reasoning frameworks [41]. In addition,
the integration of human-in-the-loop or partial annotation on calibration datasets has the potential to
reduce neutralization bias in political sentiment analysis. Overall, this study shows that the evaluation of
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an LLM-based sentiment analysis system needs to be done not only at the model level, but also at the
level of the pipeline architecture as a whole. The proposed system-level validation approach is expected
to serve as a more comprehensive evaluation framework for the development of LLM-based sentiment
analysis systems in the future, especially in the context of complex and dynamic public discourse.
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