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Abstract

This study presents a comprehensive evaluation of multilingual sentiment categorization
performance using locally deployed large language models (LLMs) on consumer-grade
hardware, focusing on GDPR-compliant implementation scenarios. Through extensive
Monte Carlo validation involving 947,700 -classifications over 702 iterations, we
demonstrate significant performance capabilities across English, Italian, and Japanese
languages while operating within consumer hardware constraints. Using lightblue/
suzume-llama-3-8B-multilingual-orpo-borda-half on a Python-based Ilama-cpp
framework on consumer NVIDIA GPU hardware, English achieved 96.3% accuracy (95%
CI: 0.963—0.964), with Italian and Japanese showing strong performance at 92.2% (95%
CI: 0.921-0.922) and 90.7% (95% CI: 0.906—0.908) respectively. Notably, our analysis
demonstrates that plurality voting can achieve extremely high confidence levels across all
languages, suggesting an efficient approach to improving classification reliability without
requiring extensive computational resources. Furthermore, these findings provide a
substantive contribution to digital applied linguistics by demonstrating how locally
deployable, resource-efficient multilingual LLMs can inform refined sentiment-based
inquiries and pedagogical innovations across diverse linguistic environments.
Keywords: Multilingual sentiment categorization; local large language models; Monte Carlo
validation; consumer-grade hardware; privacy-compliant LLM implementation
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Introduction

This study makes a significant contribution to the field of digital applied linguistics by exploring the
practical implementation of large language models (LLMs) in multilingual contexts, particularly
focusing on their deployment in resource-constrained environments. The democratization of
LLMs, fueled by advances in model optimization and deployment frameworks, has opened new
avenues for natural language processing (NLP) applications. While cloud-based solutions have
traditionally dominated the landscape, the ability to run sophisticated LLMs locally marks a
transformative shift in accessibility and usability.

Byexaminingthe performance oflocally deployed LLMsin multilingual sentiment categorization
across English, Italian, and Japanese—three languages representing distinct linguistic families
and Latin versus non-Latin writing systems—this research highlights the practical challenges
and opportunities of applying LLMs in diverse linguistic contexts. The study’s focus on achieving
reliable performance within the constraints of consumer hardware addresses a critical gap
between the theoretical potential of LLMs and their real-world application.

The findings contribute to digital applied linguistics by providing insights into optimizing
multilingual NLP systems for accessibility, efficiency, and accuracy. This work underscores the
importance of bridging the divide between advanced language technologies and their practical
deployment, offering valuable implications for researchers, educators, and developers in the
field.

Literature Review
Foundations of Automated Sentiment Analysis

Sentiment analysis, or opinion mining, extracts subjective information (e.g., polarity, emotion)
from text (Liu, 2012; Pang & Lee, 2008). Early research treated it as a classification problem,
applying machine learning to identify emotional content in reviews, social media, and news
(Pang et al., 2002). Researchers then integrated lexicon-based methods (Taboada et al., 2011),
which rely on domain-specific word lists and valence scores, useful when labeled data is sparse
(Thelwall et al., 2010). By the early 2010s, deep neural architectures (Kim, 2014) outperformed
feature-engineered models, yielding superior results on large datasets.

Despite progress, sentiment analysis remains complex due to cultural and contextual nuances,
including irony or sarcasm (Ghosh et al., 2017; Schouten & Frasincar, 2015). In response,
researchers developed context-aware architectures (Devlin et al., 2019) that leverage mas-
sive pre-trained language models, highlighting the need to capture linguistic subtleties across
genres, domains, and cultures.

Multilingual Sentiment Analysis

Although early sentiment analysis focused on English (Pang & Lee, 2008), global applications
require coverage of typologically diverse languages. Researchers have extended methods to
Romance languages (Balahur & Turchi, 2014; Mozetic et al., 2016) and script-heavy languages
such as Chinese, Arabic, and Japanese (Denecke, 2008; Zhang et al., 2011). Still, performance
gaps remain for less-resourced or morphologically complex languages (Barnes et al., 2018).
Recent multilingual models (Conneau & Lample, 2019; Xue et al., 2021) and cross-lingual
transfer techniques (Artetxe & Schwenk, 2019) share learned representations, boosting overall
performance. Yet, highly inflected or script-heavy languages pose ongoing challenges (Ryskina
et al., 2020). Researchers thus emphasize rigorous evaluation—e.g., repeated experiments,
cross-validation, and ensemble methods—to address data variability (Dror et al., 2018; Dodge
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etal., 2019), underscoring the importance of replicable methodology for multilingual sentiment
analysis.

Privacy Concerns and GDPR in NLP

Large-scale text analytics has magnified privacy and security issues, particularly under the
EU’s General Data Protection Regulation (GDPR) (Voigt & Von dem Bussche, 2017). While
cloud-based NLP services process sensitive data on remote servers, on-premise solutions have
emerged to ensure compliance, reduce data leakage, and maintain user trust (Veluru et al.,
2014). Scholars highlight ethical and technical challenges in storing personal text in third-party
systems (Kantarcioglu et al., 2004). Consequently, local deployment of language models that
never transmit raw user data aligns with current trends in data minimization, decentralized Al,
and edge computing (Shi et al., 2016).

Large Language Models and Resource Constraints

BERT (Devlin et al., 2019) and GPT (Brown et al., 2020) revolutionized NLP but demand
considerable computation and storage (Strubell et al., 2019), often exceeding consumer
hardware capabilities (Raschka et al., 2022). Innovations in model compression, such as
quantization (Dettmers et al., 2022; Frantar et al., 2023) and pruning (Han et al., 2015), have
enabled large language models (LLMs) to run on smaller devices with minimal accuracy loss.
For instance, 8-bit and 4-bit quantization can significantly reduce model size while retaining
most performance (Dettmers et al., 2022; Frantar et al., 2023). Llama-based open-source
foundational models (Touvron et al., 2023) have further democratized NLP tasks, including
chat and summarization. Some studies show that even 7B or 13B-parameter LLMs can be
deployed on high-end consumer GPUs (Chung et al., 2022), although multilingual sentiment
analyses remain relatively underexplored (Hashimoto et al., 2016).

Statistical Validation in Resource-Constrained Environments

Single-run train/test splits risk obscuring variability and inflating performance metrics
(Krymolowski, 2001). Monte Carlo methods and repeated resampling (Efron & Tibshirani,
1994) are best practices in applied statistics but remain unevenly adopted in NLP (Dror et al.,
2018). Multiple runs (e.g., 100+ iterations) help estimate confidence intervals, identify rare
misclassifications, and reduce random seed effects (Bouthillier et al., 2019). These challenges
intensify in multilingual contexts, given the cross-lingual variation and complex morphologies
(Koehn & Knowles, 2017). Bootstrap resampling offers more reliable F1, precision, and recall
estimates (Poliak et al., 2018), while ensemble approaches (e.g., majority voting) can improve
classification stability with minimal overhead (Dietterich, 2000).

Synthesis and Research Gap

Sentiment analysis has progressed from lexicon-based methods to advanced deep neural
architectures capable of cross-linguistic adaptation. This evolution addresses typological
differences and cultural nuances, yet privacy regulations (e.g., GDPR) command a shift toward
local, on-device processing. Although model compression (quantization, pruning) has enabled
large language models to run on consumer-grade hardware, multilingual benchmarks often
lack rigorous variability evaluation. Monte Carlo validation, bootstrap resampling, repeated
trials, and ensemble strategies are increasingly recognized as essential for robust evaluation,
but many multilingual NLP studies do not adopt this level of statistical rigor.

This study responds by demonstrating the local deployment of a quantized large multilingual
model on consumer hardware, supported by systematic Monte Carlo resampling for robust
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performance assessment. By merging methodological rigor (ensemble voting, confidence
intervals) with practical demands (GDPR compliance, real-time inference), we achieve high-
accuracy multilingual sentiment analysis under strict privacy constraints.

Research Questions

In this study, we sought to rigorously examine the feasibility, reliability, and practical impli-
cations of deploying multilingual sentiment categorization models locally on consumer-grade
hardware through four research questions:

« RQ1: Can multilingual language models achieve high accuracy and robust
performance in sentiment categorization when locally deployed on consum-
er-grade hardware?

« RQ2: How resource-efficient and statistically reliable are these local deploy-
ments, and can they meet stringent privacy and compliance requirements (e.g.,
GDPR)?

« RQ3: Can ensemble techniques (such as plurality voting) improve categori-
zation confidence and reduce uncertainty in locally deployed models without
significantly increasing computational overhead?

« RQ4: How does statistical behavior (e.g., variance, distributional properties,
intra-rater agreement) inform best practices for local model evaluation and
deployment in resource-constrained environments?

Methodology
Monte Carlo Validation

A Monte Carlo validation methodology, following repeated-sampling and bootstrap approaches
(Efron & Tibshirani, 1994; Dror et al., 2018), was implemented to evaluate the robustness of
multilingual sentiment analysis across English, Italian, and Japanese languages. This non-
parametric approach employed bootstrap resampling (R = 1,000) to quantify uncertainty and
assess model stability, circumventing the limitations of traditional parametric methods in
natural language processing. The methodology’s capacity to handle non-normal distributions
and cross-lingual variations made it particularly suitable for evaluating sentiment analysis
performance across diverse linguistic contexts: by systematically sampling from stratified
language-specific test sets, the approach enabled robust confidence intervals for performance
metrics while accounting for cultural and linguistic nuances in emotional expression. Ultimately,
this framework provides a more ecologically valid assessment of model performance compared
to conventional fixed test set evaluations, offering insights into both model stability and cross-
lingual generalization capabilities.

Iteration Count Rationale
Power and Precision Requirements

Our iteration count determination was driven by precision and robustness requirements
that extended beyond basic statistical significance. While standard power analysis
(Cohen’s f = 2.292, a = 0.05, power = 0.95) suggested fewer iterations would suffice, we
implemented stricter criteria for practical precision. Using a 99% confidence level (z =
2.576) and targeting a +2% margin of error for high-accuracy scenarios (p = 0.96, q =
0.04), calculations indicated a requirement of approximately 700 iterations per language,
accounting for initial test runs.
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The final implementation of 702 iterations per language, each evaluating 150 samples across
three sentiment classes, resulted in 315,900 classifications per language and 947,700 total
classifications across English, Italian, and Japanese. This comprehensive dataset enabled stable
estimates of multiple metrics (accuracy, precision, recall, and F1-scores) while capturing rare
misclassification patterns and extreme cases like ambiguous sarcasm or atypical phrasing. The
extensive iteration count aligns with Monte Carlo best practices, allowing thorough sampling
of the non-deterministic model’s output distribution, assessment of intra-rater agreement,
and detailed distributional analysis (normality, skewness, kurtosis), thereby ensuring robust
performance evaluation where even 1-2% accuracy differences carry operational significance.

Statistical and Practical Implications

By selecting 702 iterations, we strike a balance between statistical rigor and practical
relevance. While fewer iterations could detect significant differences, our chosen design
provides tighter confidence intervals in high-accuracy ranges and ensures stable estimates of
performance metrics across three languages and three sentiment categories. It offers robust
insights into subtle differences in model behavior, critical for real-world applications where
small performance margins matter.

In summary, the choice of 702 iterations per language was driven by the need for precise
accuracy estimation, stable variance assessments, and comprehensive Monte Carlo valida-
tion, enabling a robust and practically useful evaluation of multilingual sentiment analysis
performance.

Validation Approach

The evaluation protocol combined stratified sampling (150 samples per sentiment class across
702 iterations) with Monte Carlo validation, building on recommended repeated-experiment
practices for robust NLP evaluation (Dror et al., 2018). The methodology leveraged Llama
models’ inherent non-deterministic behavior (Touvron et al., 2023) with temperature settings
of 0.1 to prevent degeneration (Holtzman et al., 2020).

Statistical validation encompassed multiple metrics (accuracy, precision, recall, F1-scores,
Cohen’s kappa) following standard NLP practices (Cohen, 1960; Powers, 2011). Analysis
included Anderson-Darling tests for normality (Stephens, 1974), Fligner-Killeen tests for
variance homogeneity (Conover et al., 1981), Welch’'s ANOVA (Welch, 1951), and Games-
Howell post-hoc comparisons (Games & Howell, 1976).

The study incorporated 95% confidence intervals (Cumming, 2012), Standard Error of Mea-
surement (Nunnally & Bernstein, 1994), and within/between-language variance analysis
(Brown, 1999). Additional analyses included distributional metrics (Shapiro & Wilk, 1965) and
intra-rater agreement evaluation (Pavlick & Kwiatkowski, 2019). This comprehensive approach
aligned with machine learning evaluation best practices (Dror et al., 2018; Dodge et al., 2019),
providing a rigorous foundation for assessing multilingual model performance.

Synthetic Dataset Construction: A Multilingual Sentiment Analysis Resource

In this section, we detail the methodology employed to construct our multilingual sentiment
analysis dataset. The dataset comprises evaluation questions and responses in English, Italian,
and Japanese, each set encompassing positive, neutral, and negative sentiment categories. Our
primary objective was to create a controlled, balanced resource that would facilitate rigorous
evaluation of sentiment classification models across linguistically and culturally diverse
contexts, while ensuring semantic parallelism and comparability among the three languages.
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Theoretical Framework and Design Rationale

The design of this dataset is grounded in foundational insights from the sentiment analysis
literature. The decision to develop a synthetic, balanced dataset was influenced by the challenges
associated with naturally occurring data. Previous studies have noted that data sourced from
user-generated content, such as social media or product reviews, often exhibits skewed
sentiment distributions, lexical irregularities, and variable grammatical structures (Liu, 2012;
Pang & Lee, 2008). While such variability reflects authentic language use, it can mask model
performance differences and complicate cross-linguistic comparisons.

To address these issues, we followed the rationale of earlier work that employed artificially
balanced corpora to facilitate direct and controlled comparisons of classifiers (Taboada et al.,
2011; Mohammad, 2016). By doing so, we ensured equivalent representation of sentiment
categories and controlled for extraneous factors that might otherwise confound cross-linguistic
evaluation. Where applicable, we drew on general “service-quality” language categories
(Parasuraman et al., 1988) to populate text prompts in domains like hospitality, retail, and
consulting, ensuring they reflected standardized attributes such as reliability or responsiveness.

Language Selection and Cross-Linguistic Considerations

The selection of English, Italian, and Japanese was intentionally guided by their distinct
typological features, orthographic systems, and associated linguistic complexities. English,
which has been extensively investigated and is well-resourced for sentiment analysis (Hu &
Liu, 2004), serves as a natural benchmark due to its relatively analytic morphological structure
and the broad availability of sentiment lexicons and annotated corpora (Huddleston & Pullum,
2002; Bauer, 1983; Bybee, 1985). Italian, by contrast, exemplifies a Romance language
with richer inflectional morphology, flexible word order, and less standardized sentiment
resources, thus requiring models to navigate more intricate grammatical cues to accurately
interpret sentiment (Maiden, 1995, 2018; Lepschy & Lepschy, 1988). Japanese presents yet
another dimension of complexity through its multiple orthographic scripts (kanji, hiragana,
katakana) and context-dependent sentiment expressions, which are deeply embedded in
cultural subtleties (Denecke, 2008; Shibatani, 1990; Tsujimura, 2014; Kuno, 1973). Taken
together, these languages represent a rigorously varied test bed: English provides a well-
understood baseline, Italian challenges systems with morphological and syntactic variability,
and Japanese compels adaptations to divergent writing systems and culturally influenced
sentiment cues. By encompassing these distinct linguistic conditions, this study systematically
evaluates the generalizability, robustness, and adaptability of sentiment analysis models across
fundamentally different language environments.

Dataset Structure and Composition

The dataset consists of 450 samples per language, totaling 1,350 instances. Within each lan-
guage subset, we allocated equal proportions of positive, neutral, and negative sentiments
(150 per category). Every language subset addresses a common set of 20 evaluation ques-
tions, ensuring multiple sentiment-labeled responses per question. This structure maintains
balanced sentiment distribution and supports robust model evaluation across various prompt
types. Illustrative examples are available at the end of this section.

Domain Coverage and Content Distribution

To enhance ecological validity while maintaining control, the dataset includes content drawn
from multiple service-oriented domains: hospitality (e.g., hotels, restaurants), professional
services (e.g., consultation, training), retail (e.g., electronics, clothing), technology platforms,
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healthcare services, and entertainment venues. Each domain is represented evenly across sen-
timent categories, with approximately 25 responses per sentiment per domain. This design
ensures that sentiment classification must operate consistently across a range of contextual
scenarios, rather than being limited to a single domain.

Lexical Design and Sentiment Expression

We employed a systematic approach to sentiment expression, incorporating lexicon-based
principles from established research (Hu & Liu, 2004; Taboada et al., 2011). Positive responses
utilized clearly positive modifiers and intensifiers (e.g., “exceptional,” “outstanding”), while
neutral responses relied on evaluatively minimal language (e.g., “adequate,” “standard”),
following guidelines that define neutrality as the absence or attenuation of strongly opinionated
terms (Ding et al., 2008; Thelwall et al., 2010). Negative responses included explicit problem
indicators and negative polarity markers (e.g., “failed,” “terrible”), aligning with known
strategies for signaling negative sentiment (Liu, 2012).

Development Methodology and Construction Process
Base Template Development

We began by creating English templates for both questions and responses, leveraging
lexicon-based sentiment principles from the literature (Hu & Liu, 2004; Taboada et al.,
2011). Initially, we produced 50 prototype response templates per sentiment category,
varying intensifiers for positive and negative sentiments and ensuring the use of weakly
evaluative language for neutral responses (Polanyi & Zaenen, 2006). These templates were
then permuted and assigned across multiple domains, resulting in 150 unique instances per
sentiment category.

Cross-Linguistic Adaptation

We adapted the English templates into Italian and Japanese with close attention to pragmatic
equivalence and sentiment strength (Li et al., 2017). Where direct transliterations risked alter-
ing connotation, we selected culturally and linguistically appropriate terms to maintain consis-
tent sentiment cues. For Japanese, we used both plain and formal language without affecting
detection rates.

Adaptations underwent a two-step validation. First, two bilingual reviewers (for each English—
Italian and English—Japanese pair) assessed whether translated texts preserved the original
sentence’s semantic content and polarity (positive, neutral, negative). They evaluated adequacy
(i.e., critical meaning retention) and sentiment equivalence (i.e., emotional tone consistency),
resolving discrepancies through iterative refinement. Second, a round-robin check compared
the final English, Italian, and Japanese versions, using back-translation where needed to detect
subtle shifts. If the re-translated text diverged from the original, it was revised. This process
ensured each sentence retained consistent sentiment strength and cultural appropriateness
across languages.

Quality Control and Validation

We used a multi-step process to ensure high-quality data across English, Italian, and Japanese.
First, we balanced positive, neutral, and negative classes (450 sentences per language), corrected
errors, and ensured lexical diversity via synonyms and tailored intensifiers (e.g., “exceeded / ha
superato di gran lunga / i& % #2882 72”), preserving strong vs. mild sentiment cues. Native
annotators then reviewed a subset of sentences for semantic accuracy, sentiment fidelity, and
naturalness.
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Next, two fluent speakers per language independently labeled 450 sentences as positive,
neutral, or negative. Cohen’s kappa revealed strong agreement (x = 0.98 for English and Italian,
x = 0.94 for Japanese), with a macro-averaged annotation accuracy of 96%. These reliability
scores confirm the dataset’s stable, consistent sentiment labels across languages.

Illustrative Examples

To showcase parallelism across sentiment categories, we constructed equivalent examples in
English, Italian, and Japanese (Table 1).

Table 1. Cross-linguistic sentiment examples.

Class English Italian Japanese

Positive ~ The exceptional hotel Il servizio eccellente RTILODHF—E
service exceeded dell’hotel ha superato AL AR E R
our expectations magnificamente le nostre WA EL 2,
magnificently. aspettative.

Neutral  The electronics performed Lelettronica ha B T4
as expected, meeting basic funzionato come previsto, O CEEL
standards. soddisfacendo gli standard — ZEAK) % FHE £

di base. itz U7z

Negative  The furniture delivery was La consegna dei mobili & FHOMEE A
frustrating and poorly stata frustrante e gestita i Ty xRSy
handled. male. Moz,

These parallel examples illustrate how pragmatic equivalence and consistent sentiment inten-
sity can be preserved despite structural and cultural differences.

Dataset Selection Implications

This dataset offers a controlled, multilingual testbed for evaluating sentiment analysis models.
By balancing sentiment categories, incorporating multiple domains, and ensuring linguistic
parallelism, it enables a more rigorous assessment of model capabilities across typologically
diverse languages. The deliberate use of explicit sentiment markers, rather than subtle or con-
text-dependent cues, ensures that observed model differences stem from linguistic variation
rather than ambiguous content (Mohammad, 2016; Pang & Lee, 2008).

Ultimately, this dataset contributes a valuable resource for multilingual sentiment analysis
research, supporting both the development of more robust cross-linguistic models and the
advancement of sentiment analysis methodologies that can operate effectively in varied lin-
guistic and cultural settings.

Model Selection Rationale

Unlike English-focused models, lightblue/suzume-llama-3-8B-multilingual-orpo-borda-half
extends Llama 3’s capabilities to multiple languages including French, German, Russian, Chi-
nese, and Japanese (Devine, 2024a), addressing crucial non-English sentiment analysis needs.

The model’s distinctive feature lies in its fine-tuning using ORPO (Ordered Preference Opti-
mization) with the borda-half approach (Devine, 2024b). This technique systematically refines
the model through iterative ranking of responses and selection of consistently top-performing
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training data subsets. Benchmark comparisons validate this choice, as it outperformed other
open-source alternatives based on Llama variants (Touvron et al., 2023) while incorporating
specialized datasets like Tagengo (Devine, 2024a). This approach recognizes the substantial
differences in morphological complexity and cultural sentiment expressions across languages
(Denecke, 2008; Mohammad, 2016).

Addressing deployment considerations (Strubell et al., 2019), the implementation focuses on
memory efficiency and inference latency through quantization. Q6_K quantization was chosen
for its optimal balance between model size and performance quality (Frantar et al., 2023). This
six-bit precision approach maintains numerical fidelity while reducing computational footprint
(Dettmers et al., 2022), making the model accessible for local deployment on devices with
limited resources.

This careful balance delivers near state-of-the-art multilingual sentiment analysis while
remaining efficient for local deployment scenarios (see Appendix A for detailed hardware
configuration analysis and generalizability considerations).

Implementation Details

The evaluation was performed on a notebook computer equipped with an Intel 14900-HX
processor and an NVIDIA 4090 Mobile GPU under Python 3.12.8 with NVIDIA Driver 566.03
and CUDA framework version 12.6. Primary dependencies included llama-cpp-python 0.3.1
for model interfacing, numpy 2.1.3 and pandas 2.2.3 for data handling, matplotlib 3.9.2
for visualization, scipy 1.14.1 for statistical computations, and tqdm 4.66.6 for progress
monitoring. The chosen model, lightblue/suzume-llama-3-8B-multilingual-orpo-borda-half,
was quantized to 6-bit (Q6_K) in GGUF format and deployed using llama-cpp-python with full
GPU acceleration (source build). Inference conditions involved a temperature setting of 0.01,
and a maximum output length of 50 tokens. Sentiment analysis followed a standardized prompt
template (“Analyze the emotional sentiment expressed in the following text. Consider the
overall tone, emotional content, and attitude conveyed. Categorize the sentiment as ‘Positive’,
‘Neutral’, or ‘Negative’. Provide a single-word response:\n\nText: {text}\nSentiment (ONE
WORD):”) that requested a single-word classification, “Positive”, “Neutral”, or “Negative”, based
on the emotional sentiment conveyed by the input text. All random operations were seeded
with the value s = 42 to enhance reproducibility. Post-hoc statistical analysis was performed
with R version 4.4.2. The Python implementation code, reflecting the described environment,
dependencies, and parameters, is available upon request.

Results

This study evaluated the performance of a sentiment analysis model across three languages—
English, Italian, and Japanese—using a comprehensive validation dataset. The analysis encom-
passed overall performance metrics, class-specific metrics, statistical significance testing,
intra-rater agreement, variance analysis, and distributional assessments for robust statistical
results (Card et al., 2020; Berg-Kirkpatrick et al., 2012). In order to better represent real-world
performance on consumer-level hardware, computational efficiency was also evaluated.

Computational Efficiency

Our analysis of model inference speed under consumer-grade hardware conditions, using
a locally deployed quantized model revealed compelling performance metrics. The model
achieved near-instantaneous predictions with an average inference time of 0.056 seconds (SD =
0.077, CV = 137%), with the fastest prediction at 0.035 seconds demonstrating optimal system
resource utilization. Distributional analysis showed a median of 0.050 seconds, an IQR of 0.014
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seconds, with 90th, 95th, and 99th percentiles at 0.053, 0.055, and 0.644 seconds respectively,
while the slowest prediction took 0.708 seconds.

Statistical analysis revealed significant deviations from normality (skewness = 7.703, kur-
tosis = 58.579, Shapiro-Wilk p < .0001), indicating potential memory bottlenecks from I/0
delays, cache inefficiencies, or data buffering. Despite these outliers, the data confirms that
95% of predictions complete within 0.055 seconds, demonstrating the system’s capability for
real-time applications while highlighting specific areas for optimization in future local LLM
software development.

Overall Performance Metrics

The model demonstrated high accuracy across all languages (Figure 1), with language being the
main differentiating factor. In English, the mean accuracy was 0.963 (95% CI: 0.963-0.964,
SD = 0.008), indicating superior performance compared to Italian and Japanese. The Italian
dataset yielded a mean accuracy of 0.922 (95% CI: 0.921-0.922, SD = 0.011), while Japanese
showed the lowest mean accuracy at 0.906 (95% CI: 0.905-0.907, SD = 0.012).

Similarly, the mean Macro-F1 scores reflected this trend, with English achieving 0.963 (95%
CI: 0.963-0.964, SD = 0.008), Italian 0.922 (95% CI: 0.921-0.922, SD = 0.011), and Japanese
0.907 (95% CI: 0.906—0.908, SD = 0.012). Cohen’s kappa coefficients further supported these

Classification Accuracy by Language
99%

96%

o)
=
1)
o
n
> 93%
Q
S
-
=}
3
<
90%
87%
English Italian Japanese
Language

Figure 1 Beeswarm plot with box plot overlay of mean accuracy metrics per language per
iteration.
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findings, with English at 0.945 (95% CI: 0.944—0.946, SD = 0.012), Italian at 0.882 (95% CI:
0.881-0.884, SD = 0.016), and Japanese at 0.860 (95% CI: 0.858-0.861, SD = 0.018), indi-
cating substantial agreement between machine-predicted and human-defined sentiments in all
languages.

Class-Specific Performance Metrics

The English sentiment analysis model demonstrated varying performance across sentiment
categories (Table 2). The model excelled in negative sentiment detection, achieving near-
perfect classification with precision of 0.997, recall of 0.989, and the highest F1-score of 0.993.
For positive sentiments, the model showed higher recall (0.983) but lower precision (0.924),
indicating a tendency to overclassify statements as positive. Conversely, neutral sentiment
detection exhibited higher precision (0.973) but lower recall (0.918), suggesting a more
conservative approach to neutral classification.

Italian demonstrated strong performance across all categories, closely mirroring the English
results (Table 3). Negative sentiment detection achieved the highest performance with an
F1-score of 0.970, precision of 0.987 and recall of 0.954, nearly matching the English model’s
performance (Fl-score of 0.993). The positive class showed balanced performance with

Table 2 Class-specific performance metrics: precision, recall, and F1-score for english.

Class Precision Recall F1-score

Positive 0.924 0.983 0.953
(95% CI: 0.881-0.962, (95% CI: 0.962-0.998, (95% CI: 0.927-0.975,
SD =0.018) SD =0.010) SD =0.011)

Neutral 0.973 0.918 0.944
(95% CI: 0.944-0.995, (95% CI:0.872-0.958, (95% CI: 0.915-0.969,
SD =0.013) SD =0.021) SD =0.013)

Negative 0.997 0.989 0.993
(95% CI: 0.992-1.000, (95% CI: 0.973-1.000, (95% CI: 0.984—1.000,
SD = 0.004) SD = 0.008) SD = 0.004)

Table 3 Class-specific performance metrics: precision, recall, and f1-score for Italian.

Class Precision Recall F1-score

Positive 0.913 0.960 0.914
(95% CI: 0.864-0.956, (95% CI: 0.926—0.987, (95% CI: 0.880-0.944,
SD: 0.019) SD: 0.014) SD: 0.013)

Neutral 0.913 0.851 0.880
(95% CI: 0.864-0.956, (95% CI: 0.792-0.905, (95% CI: 0.839-0.917,
SD: 0.019) SD: 0.026) SD: 0.018)

Negative  0.987 0.954 0.970

(95% CI: 0.968-0.999,
SD: 0.008)

(95% CI: 0.919-0.984,
SD: 0.012)

(95% CI: 0.949-0.988,
SD: 0.008)

j®l castledown
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precision at 0.913 and high recall at 0.960, yielding an F1-score of 0.914. While the neutral
class had lower performance (F1-score of 0.880) due to lower recall (0.851), it maintained
strong precision (0.913).

The Japanese sentiment analysis model revealed distinct patterns (Table 4). For negative
sentiments, it achieved the highest precision (0.999) across all languages, surpassing both
English (0.997) and Italian (0.987), but showed lower recall (0.858) compared to English
(0.989) and Italian (0.954).

Positive sentiment detection remained consistently strong across languages, with Japanese
metrics (precision: 0.918, recall: 0.940, F1-score: 0.929) comparable to English and Italian.
The neutral class showed the most significant cross-linguistic variation, with Japanese
demonstrating an asymmetric pattern of lower precision (0.825) but higher recall (0.921).

These results demonstrate the model’s robust performance across diverse linguistic systems
while highlighting language-specific challenges in balancing precision and recall across
sentiment categories.

Table 4 Class-specific performance metrics: precision, recall, and F1-score for Japanese.

Class Precision Recall F1l-score

Positive 0.918 0.940 0.929
(95% CI: 0.873-0.958, (95% CI: 0.900-0.975, (95% CI: 0.897-0.956,
SD: 0.020) SD: 0.019) SD: 0.014)

Neutral 0.825 0.921 0.870
(95% CI: 0.766—-0.881, (95% CI: 0.876-0.961, (95% CI: 0.829-0.907,
SD: 0.022) SD: 0.022) SD: 0.017)

Negative 0.999 0.858 0.923
(95% CI: 0.997-1.000, (95% CI:0.801-0.911, (95% CI: 0.889-0.953,
SD: 0.002) SD: 0.024) SD: 0.014)

This visualization analysis reveals distinct performance patterns across languages through
boxplot distributions in Figure 2. The English model shows exceptional consistency, particularly
with a compact boxplot for negative sentiments indicating stable, high performance. Italian
demonstrates strong but more variable performance, especially in neutral sentiments, while
maintaining robust overall accuracy.

Japanese exhibits the most complex distribution: negative sentiment detection shows high
performance with increased variability, positive sentiment detection maintains remarkable
consistency across all languages (evidenced by similarly positioned blue boxes), and neutral
classification displays the widest spread, reflecting challenges in capturing subtle emotional
nuances.

The visualization highlights three key cross-linguistic patterns: strongest performance in
negative sentiment detection, increased challenges with neutral classification in non-English
languages, and consistent positive sentiment detection across all languages. This reveals
both the model’s robust multilingual capabilities and potential areas for language-specific
optimization.

The confusion matrices in Figure 3 reveal distinct classification patterns across languages.
The English model showed exceptional consistency with minimal misclassifications: 1.7% of
positive sentiments misclassified as neutral, and 0.3% of neutral as negative. Italian maintained
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Figure 2 Boxplot of F1-scores by sentiment class and language.

strong performance but showed increased variability in neutral classifications, with 13.7%
misclassified as positive and 1.2% as negative.

The Japanese model displayed a unique pattern: while positive sentiments had low misclassifi-
cation (6.0% as neutral), neutral and negative sentiments showed more variation, with 13.6% of
negative sentiments misclassified as neutral, and 7.9% of neutral as positive. Notably, direct mis-
classifications between positive and negative sentiments remained minimal across all languages
(= 0.6%), indicating reliable distinction between opposing sentiments. The higher misclassi-
fication rates in Italian and Japanese reflect cross-lingual sentiment analysis challenges, with
the model performing best in positive and negative classes across all languages, while showing
reduced performance in neutral classifications, particularly for Italian and Japanese.

English Ttalian

positve 0.0% 1.7% positive 0.1% 4.0%

Percentage

| 13
50
25

Percentage

8.0% B7% 8

True Sentiment
True Sentiment

negative

4.2%

neutral
Predicted Sentiment

1
Predicted Sentiment

5
)
S neutral
A
2
&

Japanese

0.0% 6.0%

| 1
50
25

13.6%

negative

neutral positive
Predicted Sentiment

Figure 3 Cross-linguistic sentiment classification performance confusion matrices.
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Distribution Analysis

To analyze distribution, Macro-F1 Scores were compiled and their properties calculated. While
Shapiro-Wilk indicated deviations from normality (all p < 0.05), given the large sample sizes
doubts remained as these tests are sensitive to minor departures from normality. To better
assess the situation, skewness and kurtosis statistics were computed to assess the normality of
the accuracy distributions, resulting in the data shown in Table 5.

Table 5 Statistical measures (Skewness and Kurtosis) for English, Italian, and Japanese
Languages.

Language Skewness Kurtosis
English -0.174 2.690
Ttalian 0.025 3.054
Japanese -0.040 2.834

These values suggest that the distributions are approximately symmetric and mesokurtic in a
way not dissimilar to a normal distribution. At the same time, visual inspection of histograms
and Q-Q plots (Figures 4 and 5) supported the conclusion that the distributions are approxi-
mately normal for practical purposes.
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Figure 4 Q-Q Plots of Macro-F1 scores per iteration per language.
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Statistical Significance Testing

Given the violation of normality and homogeneity of variance assumptions (Anderson-Darling
tests: p < .001 for all languages; Fligner-Killeen test: x2 = 70.87, p < .001), Welch’s ANOVA was
employed to assess the effect of language on model accuracy. The results revealed a significant
effect, F(2, 1354.23) = 6609.88, p < .001. Post-hoc comparisons using the Games-Howell
(1976) test indicated significant differences between all pairs of languages: English vs. Italian
(M difference = —0.042, p < .001), English vs. Japanese (M difference = —0.057, p < .001),
and Italian vs. Japanese (M difference = —0.015, p < .001). The effect size, calculated using
omega squared (w?= 0.907), suggests that approximately 90.7% of the variance in accuracy is
attributable to the language, indicating an undeniably strong effect. Non-parametric analyses
supported these findings. A Kruskal-Wallis test (H = 1596.037,df =2, p < .001, €2 = 0.757) also
showed significant differences, confirmed by Dunn’s test (all comparisons p < .001). Moreover,
pairwise Mann-Whitney U tests (Bonferroni-corrected) yielded p < 2x10e-16 for all language
comparisons, with large rank-biserial correlations (-1.000 to —0.644).

This substantial effect size indicates that the choice of language (English, Italian, or Japanese)
accounts for the majority of differences in model accuracy, overshadowing other potential
sources of variability, thereby suggesting that switching from one language to another has a
profound impact on the model’s performance. From a practical standpoint, this means that
practitioners deploying a single model across multiple languages should expect meaningful
performance differences depending on the specific language, potentially warranting either
language-specific fine-tuning or ensemble approaches.

Intra-Rater Agreement Analysis

An intra-rater agreement analysis was conducted on repeated responses to assess the mod-
el’s consistency. All languages exhibited significant non-random agreement (p < .05) across all
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responses (n = 450 per language). The mean agreement percentages were 96.5% for English,
93.4% for Italian, and 91.5% for Japanese. These high agreement rates indicate that the model
consistently predicts the same sentiment for the same response across multiple iterations,
though the consistency decreases slightly from English to Japanese.

Variance Analysis

Variance analyses further elucidated the performance differences. Within-language variances
were small, with values of 02 = 0.000065 and a coefficient of variation (CV) of 0.835% for
English, 02 = 0.000120 and CV = 1.188% for Italian, and 02 = 0.000150 and CV = 1.352% for
Japanese. In contrast, the between-language variance was larger (02 = 0.000873), underscoring
the significant effect of language on model accuracy. These small within-language variances
indicate stable model performance within each language group.

Reliability Metrics

The Standard Error of Measurement (SEM) for accuracy and Macro-F1 were calculated for
each language, suggesting high reliability in the measurement of model performance metrics
(Table 6). This reflects the precision afforded by the large sample sizes (n = 702 iterations per
language).

Table 6 Comparison of standard error of measurement values for accuracy and macro-F1
scores per language.

Language SEM (Accuracy) SEM (Macro-F1)
English 0.000304 0.000304
Italian 0.000413 0.000415
Japanese 0.000463 0.000453

Per-Response Performance Analysis

The analysis of per-response performance illuminated significant differences in classification
consistency across languages. In English, 47.8% of responses achieved consistent correct
classifications across all iterations, demonstrating the highest stability among the three
languages. Italian showed moderate consistency with 38.0% of responses consistently classified
correctly, while Japanese exhibited the lowest consistency at 29.6%. Most responses fell into
the “Mixed” category, where the model’s predictions varied across iterations. This variability
was most pronounced in Japanese, with 70.4% of responses showing mixed predictions,
compared to 52.2% for English. This substantial difference in mixed predictions suggests
that the model’s decision-making process was considerably more variable for Japanese text,
potentially reflecting the greater linguistic complexity or the model’s lower confidence in
processing Japanese content.

Minimum Ensemble Sizes for Reliable Multilingual Sentiment Analysis
Ensemble Size Rationale

We investigated the minimum number of iterations needed for 95% confidence in majority vote
outcomes across English, Italian, and Japanese sentiment analysis models. The methodology
involved gathering empirical accuracy rates from language models and computing quantiles at
5% intervals from 0—100% to understand performance distributions for each language.
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For each quantile, we employed the binomial distribution to model the probability of
obtaining a correct majority vote from an ensemble of independent models. Specifically, for
a given accuracy rate p at a particular quantile, we calculated the probability P(majority cor-
rect) that at least k out of n iterations would predict correctly, where is the minimum num-
ber of correct votes needed for a majority. The probability was calculated using formula (1).
Forn = 5:

k-1
P(majority correct)=1- P(X <k-1)=1- Z('}) pa-pr! (1)

i=0

Ensemble Size Results

In summary, our goal was to find the smallest odd integer n > 5 such that P(majority correct) >
95% for each quantile’s accuracy rate (Table 7).

Analysis of the English language model revealed consistently high accuracy rates across all
quantiles, with the 5% quantile achieving approximately 84.0%. This high baseline perfor-
mance meant that even with a small ensemble size, the majority vote was likely to be correct.
Notably, across all quantiles—including the 5% quantile—only 5 votes were needed to surpass
the 95% confidence threshold.

The Italian language model demonstrated greater variability, with the 5% quantile accuracy
at approximately 67.5%, indicating less consistent model performance at the lower end. At this
5% quantile, 21 votes were required to achieve at least 95% confidence. Performance improved
significantly at higher quantiles, with only 7 votes needed at the 10% quantile (77.8% accuracy),
and just 5 votes required at the 15% quantile and above (=86.2% accuracy).

The Japanese language model exhibited the greatest variability among the three languages,
with the 5% quantile accuracy at approximately 64.4%. This lower baseline necessitated 31
votes to reach the desired confidence level at the 5% quantile. The required ensemble size
decreased progressively at higher quantiles: 9 votes at the 10% quantile (76.5% accuracy), 7
votes at the 15% quantile (81.8% accuracy), and only 5 votes at the 20% quantile and above
(=86.8% accuracy).

Table 7 Minimum required ensemble sizes across language models and accuracy quantiles.

Language Baseline 5% 10% 15% >20%
Accuracy (%) Quantile Quantile Quantile Quantile
English 84.0 5 votes - - -
Italian 67.5 21 votes 7 votes >5 votes -
(=86.2%)
Japanese 64.4 31 votes 9 votes 7 votes >5 votes
(=86.8%)

Note. All ensemble sizes were calculated to achieve 95% confidence in majority voting outcomes. Baseline accuracy
represents the model’s performance at the 5th percentile of the accuracy distribution.

Discussion

Local Deployment Feasibility and Performance Robustness

The experimental validation of multilingual sentiment classification on consumer-grade
hardware addresses critical concerns regarding the practicality of local model deployment.
By achieving accuracies exceeding 90% across English, Italian, and Japanese—with
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minimal performance degradation compared to cloud-based state-of-the-art systems—the
results underscore the viability of quantization and hardware optimization techniques in
democratizing access to advanced NLP capabilities. This aligns with recent theoretical work on
edge Al (Satyanarayanan, 2017), which posits that model compression strategies can preserve
functionality while reducing computational footprints. The high intra-rater agreement (x > 0.85
across languages) further corroborates findings from reproducibility studies in NLP (Dodge et
al., 2020), suggesting that local deployments can achieve stability comparable to centralized
systems when rigorous variance control measures are implemented.

Resource Efficiency and Regulatory Compliance

The observed inference latency of <55 ms per prediction, coupled with a 250W total system
TDP directly responds to theoretical models of efficient inference in constrained environments
(Sze, 2017). By eliminating network latency and data egress points, the architecture satisfies
the data minimization and storage limitation principles enshrined in GDPR Article 5(1)(c)—
(e). This empirical validation extends the conceptual framework proposed by Satyanarayanan
(2017) by demonstrating that on-premise processing can reconcile computational efficiency
with strict compliance requirements—a critical consideration for enterprise adoption in
regulated industries.

Ensemble Strategies for Uncertainty Mitigation

The success of plurality voting in boosting classification confidence (78-80% reduction in
prediction variance) empirically validates ensemble theory (Dietterich, 2000; Kuncheva, 2014)
under hardware constraints. Contrary to concerns about computational overhead in resource-
limited settings (Sze et al., 2017), the linear increase in sub-second inference time for 5-36
model inferences demonstrates that lightweight ensemble methods can operationalize the
wisdom of crowds principle without prohibitive resource costs. This finding challenges the
prevailing assumption that uncertainty quantification necessarily requires complex Bayesian
frameworks or cloud-scale compute resources.

Statistical Foundations for Evaluation Best Practices

The Monte Carlo validation methodology (702 iterations per language) operationalizes recent
statistical guidance for NLP system evaluation (Dror et al., 2018). Although the Macro-F1 scores
for Ttalian (Shapiro-Wilk p = 0.114) and Japanese (Shapiro-Wilk p = 0.081) are approximately
normally distributed, the scores for English deviate significantly from normality (Shapiro-
Wilk p = 0.000077). Nonetheless, the convergence of results from both parametric and non-
parametric tests supports robust performance reporting—a significant consideration given
ongoing debates about metric distributions in ML (Demsar, 2006). Furthermore, the strong
correlation (r = 0.868) between intra-rater agreement and final model accuracy empirically
confirms theoretical models of reliability in automated scoring systems (Attali & Burstein,
2006), providing a methodological blueprint for future evaluations of local AI deployments.
These findings collectively advance the discourse on edge NLP systems by demonstrating
that through strategic model optimization, statistical rigor, and lightweight ensemble design,
locally deployed language models can satisfy both technical performance requirements and
operational constraints—a critical step toward truly decentralized Al infrastructure.

Implications and Significance

The findings carry substantial implications for both academic research and practical Al
deployment. First, the study establishes a critical pathway for implementing localized
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sentiment analysis systems that align with regulatory frameworks. By demonstrating robust
performance on consumer-grade hardware, the work enables organizations in privacy-sensitive
sectors—such as healthcare and financial services—to adopt advanced NLP capabilities without
compromising GDPR compliance. This addresses a fundamental tension in AI deployment
strategies, where data sovereignty requirements often conflict with computational demands,
by showing that on-premise solutions can maintain low latency while preserving user trust
through complete data containment.

Second, the research contributes significantly to democratizing access to cutting-edge NLP
technologies. The technical validation of resource-efficient multilingual models challenges the
prevailing paradigm where advanced sentiment analysis remains the domain of well-funded
tech conglomerates. By proving that near state-of-the-art performance is achievable without
cloud dependencies, the work empowers smaller enterprises, academic institutions, and
grassroots research initiatives to participate in NLP innovation—a crucial step toward equitable
Al development. This shift could catalyze localized innovation cycles across global regions,
particularly in non-English language contexts that are often underserved by commercial NLP
systems.

Third, the model’s demonstrated proficiency across typologically distinct languages (English,
Italian, Japanese) redefines expectations for localized multilingual NLP. The consistent
high accuracy across these linguistically diverse systems—ranging from analytic to synthetic
morphological structures and differing writing scripts—suggests that modern quantization
techniques can preserve cross-lingual transfer capabilities. For multinational organizations
and policymakers, this implies new possibilities for implementing unified sentiment analysis
frameworks across regional offices without sacrificing cultural-linguistic nuance, potentially
streamlining cross-border decision-making in areas ranging from customer experience
management to public opinion monitoring,.

Fourth, the methodological framework established through variance analysis and ensemble
strategies sets a new precedent for evaluating edge-deployed AI systems. By rigorously
quantifying performance stability through Monte Carlo simulations and distributional analysis,
the study provides replicable protocols for assessing model reliability under computational
constraints. These statistical safeguards address growing concerns about reproducibility in ML
research while offering concrete metrics (e.g., variance thresholds, confidence interval widths)
that developers can adopt when certifying systems for sensitive real-world applications.

Finally, the environmental and ethical dimensions of local deployment merit particular
attention. The reduced reliance on energy-intensive cloud infrastructure aligns with emerging
sustainability standards in AI development, as outlined in recent EU AI Act provisions.
Moreover, by enabling full data lifecycle control, the architecture advances ethical Al principles
of transparency and accountability—critical considerations as global regulations increasingly
demand auditable AI systems. This dual focus on technical efficiency and ethical responsibility
positionslocalized deployment not merely as a technical alternative, but as a necessary evolution
toward socially conscious Al implementation paradigms.

Utility of the Findings for Future Linguistic Research Tools

The validated approach of locally deployed, quantized LLMs streamlines qualitative analysis by
integrating seamlessly with CAQDAS and other linguistic research tools. Researchers can effi-
ciently process sentiment-laden texts for ethnographic, sociolinguistic, and discourse analyses,
rapidly annotating, categorizing, and comparing diverse linguistic corpora.

This study also supports scalable, customizable pipelines through efficient runtime
performance and quantized models. Developers can build modular components for multiple
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languages and domains, adapting sentiment analysis to various datasets and research questions.
Smaller organizations particularly benefit, as consumer-grade hardware can achieve near state-
of-the-art accuracy without expensive GPU clusters or cloud services.

Moreover, the study’s methodologies, error analyses, statistical frameworks, and open-source
models foster long-term sustainability and collaboration. This foundation supports a commu-
nity-driven ecosystem in which future linguistic analysis APIs and software can benefit from
continuous refinement, benchmarking, and shared best practices—yielding robust, fair, and
interpretable sentiment analysis across languages and contexts.

These findings extend beyond academic inquiry, establishing a practical framework for inte-
grated linguistic research tools that can be securely deployed. By informing the next generation
of qualitative analysis software in digital humanities, social sciences, and related fields, the
research democratizes access to advanced NLP tools while upholding high standards of privacy
and efficiency.

Practical Implications for Second Language Acquisition Research and Teaching

This study’s demonstration of local, privacy-compliant multilingual sentiment analysis using
large language models (LLMs) carries significant implications for second language acquisition
(SLA) research and practice. By showing that powerful LLMs can be run on consumer-grade
hardware at near-instantaneous speeds, it expands possibilities for classroom exercises, learner
feedback, and instructional design. The technical blueprint also offers a foundation that other
researchers can adapt and refine for novel tools and methodologies (see Appendix B for detailed
future research directions and Appendix C for bias considerations in local sentiment analysis).

From a teaching standpoint, local deployment addresses the ethical, practical, and regulatory
concerns frequently highlighted by SLA practitioners (Chapelle & Sauro, 2017). Many language
programs, ranging from university courses tocommunity-based settings, face financial constraints
and privacy regulations that limit reliance on cloud-based services. This study’s high accuracy
in English, Italian, and Japanese illustrates how robust, large-scale NLP can be achieved while
keeping full control of student data. Because emotion and pragmatic appropriateness are closely
tied to motivation (MacIntyre et al., 1998) and communicative competence (Swain, 1985),
near real-time sentiment analysis can reveal when learners’ writing (or Al-generated speech
transcripts) contains unintended emotional nuances. For instance, a single GPU or desktop
setup can process hundreds of samples within minutes, highlighting negative connotations or
missed polite registers—key insights for advanced coursework and workplace-focused training.
Integrating sentiment analysis with cognitive semantics approaches allows learners to receive
context-aware feedback on emotional and pragmatic dimensions of their language production,
surpassing the limits of basic dictionary lookups. Such an LMS-integrated feedback system is
illustrated in Figure 6.

Additionally, the methodological rigor demonstrated—particularly the Monte Carlo valida-
tion strategy—signals best practices for SLA researchers and teacher-researchers aiming to
build or assess computational tools (Mackey & Gass, 2016). Repeated sampling and ensemble
methods reveal model-output variance, ensuring reliable performance estimates for complex
multilingual data. When applied to SLA research, these techniques enable the development
of instruments to examine affective states, collaborative discourse, or code-switching, all
without sending sensitive text to external servers. The local quantization framework, which
lowers hardware requirements for running LLMs, further enhances accessibility for smaller
or resource-limited labs. A single mid-tier GPU can now support advanced textual analysis at
scale, facilitating high-frequency data collection on classroom interactions, reflective writing,
or online discussion boards.
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Figure 6 LMS connected real-time writing and speech-to-text sentiment analysis framework.

This combination of efficiency and privacy introduces new research avenues. For instance,
real-time learner analytics dashboards could visualize aggregate sentiment trends in peer
discussions or synchronous chats (Ellis, 2003; Long, 1996). Teacher-researchers could detect
disengagement or negativity, cross-reference it with lesson pacing, and adjust pedagogy
immediately. The system could also assess how learners adapt tone across target languages, a
key concern in contrastive pragmatics and intercultural communication (Kasper & Rose, 2001).
Researchers examining code-switching or translanguaging might use local sentiment analysis
to pinpoint the emotional triggers that prompt language switching in bilingual interactions.
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With large-scale data, SLA scholars can explore how learners perceive each language’s function
or whether certain expressive needs—such as empathy or frustration—lead them back to their
L1.

A further advantage is the potential to integrate sentiment analysis with emerging CALL
research methods: wearable sensors, gaze tracking, or speech-prosody analyzers. These data
streams could feed into the same local environment, supporting multimodal investigations of
language development (Chapelle, 2003). Researchers might examine whether negative senti-
ment aligns with eye-movement patterns or flat prosody in synchronous chat. Local sentiment
analysis avoids the latency and security hurdles of cloud-based solutions and facilitates inter-
disciplinary, data-rich SLA studies that incorporate cognition, affect, and interaction (Gass &
Selinker, 2008).

Even in traditional pretest—posttest designs, local LLM technology can streamline data
analysis. For example, a research team evaluating a new writing-based pedagogy could track
sentiment shifts across drafts or self-assessments. This dynamic observation aligns with focus-
on-form perspectives (Doughty & Williams, 1998) by capturing in-process revisions and how
learners respond to feedback (Schmidt, 1990). It also complements learning analytics frame-
works (Chapelle & Sauro, 2017), enabling immediate feedback while simplifying compliance
with data-protection regulations.

In short, these findings provide a foundation for developing SLA research tools that com-
bine advanced Al-based analysis with user-centric, ethically grounded design. By highlighting
local inference, quantization, and iterative validation within a replicable framework, this work
encourages teacher-researchers, graduate students, and ed-tech innovators to explore senti-
ment-based feedback loops, cross-linguistic pragmatic diagnostics, classroom-level analytics,
and synergy with other educational technologies. Rather than relying on large corporate ser-
vices, local and secure sentiment analysis becomes accessible, promoting equitable and trans-
parent research—especially critical where learners are underage or vulnerable. Ultimately, this
approach closes the gap between cutting-edge computational linguistics and everyday language
teaching, making sentiment analysis a versatile instrument for analyzing, guiding, and improv-
ing second language learning.

Conclusion

This study demonstrates that state-of-the-art multilingual sentiment analysis can be achieved on
consumer-grade hardware through a locally deployed, quantized large language model (LLM),
providing a privacy-preserving alternative to cloud-based solutions and enabling compliance
with regulations such as the GDPR. By running a single architecture—lightblue/suzume-llama-
3-8B-multilingual-orpo-borda-half—in a locally quantized form (Q6_K scheme) on a note-
book equipped with an NVIDIA RTX 4090 Mobile GPU, we observed near real-time inference
speeds, reduced infrastructure costs, and consistently high accuracy across English, Italian,
and Japanese. These three languages, which represent diverse writing systems and morpho-
logical complexities, serve as a useful starting point for exploring the model’s robustness in
multilingual tasks.

Building on these findings, several promising research directions emerge for expanding the
scope and applicability of local LLM deployments. One possible avenue involves extending
the language coverage beyond English, Italian, and Japanese to capture the full richness of
global linguistic diversity. Investigating low-resource languages and those using distinct writ-
ing systems (such as abugida or abjad scripts) would illuminate how the model’s capabilities
generalize across fundamentally different language structures. Additionally, while the current
synthetic, balanced dataset provided crucial standardization for initial evaluation, exploring
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naturally occurring texts offers compelling opportunities to assess performance on real-world
language patterns. Social media posts and product reviews, with their slang, domain-specific
jargon, and unconventional spelling, represent particularly rich targets for understanding how
the model handles authentic linguistic variability.

The success of the lightblue/suzume-llama-3-8B-multilingual-orpo-borda-half model opens
doors for comparative studies across different architectures. Future work could examine how
varying parameter counts, training corpora, or fine-tuning procedures affect the performance-
efficiency balance. Similarly, while Q6_K quantization demonstrated strong results, systematic
investigation of more aggressive quantization schemes (from 8-bit down to 2-bit representations)
could reveal additional optimization opportunities. Hardware accessibility represents another
fertile research area: extending performance analysis to older systems, CPU-only configurations,
and resource-constrained embedded devices would illuminate pathways for broader adoption
of local LLM deployments.

The current three-tier sentiment framework (positive, neutral, negative) provides a
foundation for exploring more nuanced approaches to emotion classification. Future studies
could investigate multi-turn interactions, domain-specific language patterns, and expanded
sentiment taxonomies to capture the subtlety and fluidity of human emotion. This could reveal
how effectively the model handles evolving emotional contexts and more complex affective
states.

These research directions align with our findings that local LLM deployment offers practical,
privacy-compliant solutions for multilingual sentiment analysis. The comprehensive Monte
Carlo validation and rigorous statistical framework highlight the importance of considering
distributional characteristics when tuning ensemble sizes or adjusting voting schemes. Models
achieving extremely high accuracy require minimal votes for high confidence, while those with
lower baseline performance or higher variability benefit from larger ensembles. This insight
enables practitioners to optimize the balance between resource usage and reliability as they
explore these expanded research directions.

Overall, this work emphasizes the feasibility of advanced NLP applications on modest hardware
infrastructures, significantly democratizing access to high-performance language modeling.
Our thorough use of synthetic data, the specific choice of three test languages, and reliance on
open-source LLM architectures offer a solid testbed, paving the way for more extensive, real-
world investigations. Future endeavors would clarify the strengths and constraints of local LLM
approaches and enable more robust, adaptable applications across the evolving landscape of
multilingual communication and language acquisition. As the demand for real-time, privacy-
compliant, and accessible NLP tools continues to grow, this research offers a strong foundation
for organizations, developers, and researchers to implement and refine practical, trustworthy
sentiment analysis systems without relying on third party large-scale, centralized computing
resources.
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Appendix A: Model-Hardware Configuration and Generalizability

Hardware Configuration Scalability

The study’s deployment of a locally quantized large language model on a notebook computer
with a discrete, high-end mobile GPU reflects a deliberate compromise between performance,
practicality, and memory constraints. The choice of an 8B-parameter multilingual model
(lightblue/suzume-llama-3-8B-multilingual-orpo-borda-half) quantized to 6-bit precision
(Q6_K) renders inference feasible on an NVIDIA RTX 4090 Mobile GPU, which offers 16 GB of
dedicated GDDR6 VRAM and operates without sharing memory resources with the CPU. This
hardware setup supplies near-real-time inference, as evidenced by median prediction times
close to 0.05 seconds per classification, yet it is important to acknowledge that these metrics
are contingent on relatively high GPU memory availability and a CPU capable of orchestrating
fast I/O operations. Users replicating or scaling this system in different computational
environments—whether they employ a GPU with smaller VRAM capacity, rely on integrated
graphics that share memory with the CPU, or adopt older architectures lacking CUDA
acceleration—are likely to experience divergent throughput, increased latency variability, or
more frequent memory bottlenecks. Consequently, the generalizability of the reported findings
depends in part on whether the same quantization and memory-allocation strategies remain
viable under more limited hardware conditions.

Ultimately, thisimplementation’s primary advantage stems from its software-based architecture,
which ensures inherent portability. The system’s computational performance is therefore
projected to scale linearly with processing capacity across diverse hardware configurations with
no estimated effect on accuracy.

Portability

An additional factor supporting broader portability is the Python-based nature of our
implementation. By relying on llama-cpp (an open-source framework that can run LLMs
locally), the same Python codebase can be adapted for multiple hardware backends. Specifically,
llama-cpp has been extended to utilize the Metal performance shaders on macOS, enabling
deployment on Apple Silicon GPUs, and to interface with AMD or Intel GPUs through analogous
frameworks. In practice, this level of hardware abstraction expands the potential user base
beyond typical NVIDIA CUDA setups, permitting local deployments in a variety of workstation
or laptop environments. However, it must be noted that while CPU-only operation is technically
feasible, performance will drop drastically relative to GPU-accelerated inference, primarily due
to the overhead of handling matrix multiplications and memory transfers in a non-specialized
processing pipeline.

Memory and Power Management

Beyond pure compute capacity, the specifics of local memory management play a fundamental
role in determining inference stability and throughput. Because the discrete RTX 4090 Mobile
card used here isolates GPU VRAM from the system’s main DDR5 memory, the model weights
and intermediate activation maps remain largely resident on the GPU, which in turn mitigates
paging overhead and helps sustain consistent inference speeds. Nonetheless, our analysis
revealed dynamic GPU and CPU power throttling and reduced clock speeds to preserve battery
life and control thermal loads, further complicating the inference profile. While these factors
did not substantially hamper the tests reported in the present study, they illustrate how even
nominally high-end, consumer-grade hardware can exhibit runtime variability under real oper-
ating conditions.
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Model Implementation Considerations

Another aspect that conditions the broader applicability of these findings is the balance between
parameter count, quantization level, and multilingual coverage. The 6-bit Q6_K quantization
proved sufficient for sustaining near state-of-the-art sentiment classification across English,
Italian, and Japanese, but more aggressive compression—such as 4-bit or 3-bit—could release
additional VRAM capacity at the risk of small but potentially meaningful accuracy trade-
offs. Conversely, moving to a larger model (e.g., 13B or 30B parameters) might enhance
classification robustness or cross-lingual generalization, but would almost certainly necessitate
advanced offloading techniques, more powerful GPUs, or significantly deeper quantization
that could undermine the performance gains. Researchers and practitioners wishing to adapt
this methodology to additional domains or languages—particularly those with more complex
morphologies or larger token inventories—should carefully assess VRAM headroom, memory
bandwidth, and the risk of memory-induced bottlenecks before scaling the architecture upward.

Moreover, the architectural features of the lightblue/suzume-llama-3-8B model itself may
shape how well the results transfer to other LLM variants. This particular model integrates an
ORPO-based fine-tuning process geared toward boosting multilingual sentiment performance.
Should an organization opt for a different backbone (e.g., a GPT-style decoder, a hybrid
encoder-decoder, or a custom domain-specific LLM), the memory footprint, quantization
efficacy, and eventual inference times could deviate. Similarly, since the present model was
largely trained on balanced synthetic data plus multilingual resources, real-world text or low-
resource languages might produce greater variance in classification outputs, compounding any
hardware constraints by demanding repeated ensemble passes or domain-specific fine-tuning.
For smaller GPU setups or CPU-only pipelines, an ensemble approach might become too
resource-intensive or slow to maintain practical inference rates, implying that the architectural
and hardware synergies demonstrated here cannot be assumed to hold in all computational
environments.

Opportunities for Hardware Interoperability

Overall, the details of our hardware configuration—and the unique advantages it confers—
underscore how near-real-time, privacy-preserving sentiment analysis can be obtained on
a single consumer notebook, as long as memory overheads are carefully managed, and the
quantized model is matched to the GPU’s VRAM capacity. Yet these very same factors also limit
one-to-one generalization to other contexts in which the hardware—model interplay may differ.
In lower-memory devices, frequent paging or incomplete weight loading would likely erode
the quick inference times observed, while enterprise-grade systems with multiple high-end
GPUs might surpass our throughput results but at the expense of greater infrastructure costs.
Hence, to replicate or adapt the present approach in new settings, researchers and practitioners
should thoroughly profile their hardware’s memory allocation, concurrency patterns, thermal
limits, and compute overhead, ensuring that the chosen model size and quantization strategy
align with the system’s practical throughput targets and VRAM constraints. Through further
experiments involving smaller GPUs, integrated graphics, CPU-only processing, Apple Silicon
architectures, and larger-scale LLM backbones, we aim to provide a more granular map of
how local sentiment analysis architectures scale up or down under a wide range of resource
configurations while remaining portable across Python-based llama-cpp frameworks.
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Appendix B: Future Research Avenues

This appendix complements the main manuscript by elaborating on two key directions for
future research: (i) integrating real-world, user-generated data into our multilingual sentiment
analysis pipeline, and (ii) extending coverage to additional languages beyond English, Italian,
and Japanese. Both directions seek to strengthen ecological validity, address potential domain
mismatches, and ensure that local LLM deployments remain robust across diverse linguistic
and practical contexts.

Integrating Real-World User-Generated Data

Although we employed a balanced, synthetic dataset in the present study to enable tightly
controlled experiments and fair cross-linguistic comparisons, we recognize that naturally
occurring text introduces a range of complexities not captured in our current evaluations.
These complexities include sentiment skew (e.g., predominantly positive or negative reviews),
colloquial language (slang, abbreviations, emoticons), and domain-specific jargon (e.g.,
references to specific product brands, city names, or evolving internet slang). In practice, many
real-world data streams, such as social media posts or consumer feedback portals, exhibit
highly variable structures and frequent lexical irregularities that may not arise in a curated
synthetic corpus.

Motivation and Context

Local, privacy-preserving deployments of large language models (LLMs) are especially appealing
for organizations that handle sensitive user data or require compliance with regulations like
GDPR. Yet these same organizations often face idiosyncratic domain data (e.g., specialized
medical terms in healthcare platforms, local dialect or brand references in e-commerce). By
collecting naturally occurring user-generated content—whether from publicly accessible
review sites or internally managed feedback forms—we can more accurately measure how local
LLMs manage contextual ambiguity, highly imbalanced sentiment distributions, and domain
mismatch. Real-world text often contains sarcasm, code-switching, incomplete sentences,
or repeated references to unknown brand names or cultural artifacts. Additionally, certain
services or products tend to draw predominantly positive (or negative) reviews, with many
authentic data streams lacking neatly balanced classes. Language usage in specialized domains
like biotech or finance can also significantly differ from general-purpose text. By embracing
these complexities, our future work will further validate the applicability of a locally quantized
LLM for real-world scenarios. Moreover, we aim to explore domain adaptation methods, such
as fine-tuning the existing quantized model with small amounts of domain-specific data, to
mitigate potential performance drops caused by lexical and stylistic mismatches.

Practical Data Collection and Annotation Plans

We propose a structured approach to data gathering and annotation that begins with source
identification, where we plan to target multiple review domains, including hospitality (hotel
and restaurant reviews), retail (electronics, fashion), and specialized user forums (healthcare
or tech support boards). Ethical and privacy considerations are paramount - all user-generated
data will be anonymized and, where required, re-annotated in-house to maintain compliance
with privacy regulations. We will avoid personally identifiable information (PII) to ensure
minimal risk if the data need to be stored or shared. Our annotation pipeline will adopt a two-tier
labeling system: primary sentiment labels (positive, neutral, negative) will be assigned by two
or more human annotators while tracking inter-annotator agreement, alongside domain tags or
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specialized markers such as “finance-related,” “technical,” “healthcare,” or “colloquial slang.”
These tags help us analyze whether certain subdomains systematically degrade performance. To
handle skew and address imbalance, we may incorporate strategic subsampling or oversampling
of minority sentiment classes. Where feasible, we will let the real-world distribution remain
unaltered to test genuine model robustness, then optionally create more balanced subsamples
for controlled comparisons.

Methodological Extensions

Once authentic data are collected, we will compare performance on these real-world corpora to
our synthetic baseline by analyzing several key aspects. We will examine accuracy drift under
domain-specific lexical usage and skewed sentiment distributions, as well as assess the impact
of data augmentation or fine-tuning on bridging domain mismatch. Additionally, we will verify
quantization stability by ensuring that a 6-bit quantized model retains robust generalization
even with the noisier, more heterogeneous input characteristic of social media or consumer
reviews. Such empirical insights will clarify where local LLMs excel in practical settings and
which adaptation strategies best preserve performance while ensuring minimal hardware over-
head.

Expansion to Additional Languages

Our current experiments center on English, Ttalian, and Japanese, which allowed a multifaceted
view of performance across alphabetic (English, Italian) and logographic/kana-based (Japanese)
writing systems. Despite their diversity, these three languages only begin to represent the spec-
trum of linguistic and orthographic phenomena encountered globally. Given the strong results
under these initial conditions, we aim to extend coverage to further languages, including those
that introduce right-to-left scripts, highly agglutinative morphology, or rare subword patterns.

Candidate Languages and Their Challenges

A further selection of candidate languages for expansion must strategically cover diverse linguistic
families, each chosen to probe different aspects of model robustness and cross-lingual transfer.

1. Spanish, as a member of the Romance family, presents an ideal stepping-stone from
our existing Italian implementation due to its largely transparent orthography and
shared linguistic features. This similarity offers a unique opportunity to investigate how
morphological parallels between related languages might enhance cross-lingual transfer,
potentially allowing us to leverage existing Romance language representations more
efficiently.

2. Arabic would introduce significantly different challenges as a Semitic language, with
its right-to-left script and sophisticated system of morphological concatenation. The
language’s rich morphological structure, where words are built from consonantal roots
with vowel patterns and affixes, creates distinct tokenization challenges. This complexity
is further compounded by the need for morphological disambiguation, as the same written
form can often represent multiple grammatical categories depending on context.

3. Chinese (Mandarin) could represent perhaps our most ambitious expansion target,
employing a logographic writing system that fundamentally differs from both the Latin
script used in English and Italian, and the mixed script environment we have already
tackled in Japanese. Its character-based system, governed by strict syllabic constraints
and featuring a unique partial morphological structure, will test the model’s ability to
handle radically different approaches to encoding meaning. The language’s lack of explicit
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word boundaries and its tonal nature add additional layers of complexity to the tokeniza-
tion process.

Ineachoftheselanguages, we anticipate encountering novel challengesin subword segmentation,
the interpretation of morphological cues, and the handling of script-specific constraints. These
challenges become particularly critical when working with 6-bit quantization, as we must ensure
that the reduced precision does not compromise the model’s ability to capture and process these
linguistic nuances. The interaction between quantization and these various linguistic features
could reveal important insights about the robustness and limitations of our approach, potentially
guiding future optimizations in both model architecture and quantization strategies.

This systematic expansion across linguistically diverse languages will help us better understand
how our quantization approach scales across different writing systems and grammatical
structures, ultimately informing more robust and generalizable implementations of locally
deployed language models.

Practical Integration and Resource Constraints

Because local deployments rely on consumer-grade hardware with limited VRAM (e.g., 8—16
GB), carefully managing the total parameter count becomes crucial when accommodating
multiple languages. We can employ several strategies to address this challenge, including
vocabulary pruning by removing subword tokens that are rarely used by newly included
languages while preserving space for more commonly used subword units. Another approach
is incremental fine-tuning, which involves sequentially teaching the model new languages
with careful regularization to avoid catastrophic forgetting of existing languages. We may also
explore aggressive quantization, such as 4-bit or 3-bit quantization for model expansions to
maintain VRAM viability, though we must carefully assess any resultant accuracy trade-offs.

Evaluation Protocols

Our evaluation protocols for future language expansions will retain the rigorous Monte Carlo
approach that we used for English, Italian, and Japanese. This methodology enables us to
establish comparable confidence intervals across newly introduced languages and conduct
distribution and variance analyses to pinpoint any performance lags in particular morphological
contexts or script types. We can also investigate potential zero-shot or few-shot transfer, testing
whether knowledge gleaned from existing languages (especially if they share genealogical roots,
like Romance languages) can bootstrap performance in newly added languages. By systematically
incorporating more languages, we aim to clarify the upper bounds of local, quantized LLM
performance on consumer hardware, while exploring solutions for partial offloading or advanced
memory optimizations if VRAM limitations become binding.

Reflections on Future Directions

By merging these two lines of expansion—naturalistic, user-generated data and additional
language coverage—we plan to more thoroughly validate the resilience of locally deployed,
quantized LLMs in true production scenarios. In these real-world environments, sentiment is
imbalanced or expresses itself in nuanced, domain-specific ways, while script and morphology
vary widely, placing stress on tokenization and subword embedding accuracy. Additionally,
hardware constraints demand efficient memory usage while preserving inference speed and
privacy compliance. Ultimately, these steps will help organizations and researchers confidently
adopt local LLM solutions in real operational pipelines, bridging the gap between controlled
academic experiments and the genuine linguistic diversity encountered in global user bases.
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Appendix C: Bias Considerations in Local Sentiment Analysis

Although our current study centers on achieving high accuracy in multilingual sentiment
classification under hardware-constrained, locally deployed large language models (LLMs),
sentiment analysis inevitably raises ethical and practical questions around fairness and bias.
These issues are especially salient when applying NLP tools to heterogeneous, real-world data
streams that may reflect demographic inequalities, cultural nuances, and power imbalances
embedded in language use. Even under a privacy-preserving local deployment scheme, the risk
remains that an LLM’s underlying training data or quantization adjustments could inadver-
tently produce biased outputs for certain groups or content domains. Below, we discuss the
potential origins of such biases, the limitations of using predominantly synthetic data to detect
them, and some strategies to mitigate or measure fairness deficits in future work. Moreover, we
conducted a small-scale pilot study to address the question of whether introducing bias-prone
demographic groups can significantly skew the accuracy results.

Bias in Multilingual Sentiment Analysis

Sentiment classification depends on patterns learned from corpora that encode societal stereo-
types and norms. If certain demographics, dialects, or cultural references appear less frequently
(or appear predominantly in negative contexts) models risk mislabeling or systematically down-
grading text associated with those groups. For instance, studies have shown that heavy usage
of African American English (AAE) expressions may cause speakers to be considered substan-
tially more toxic than non-AAE speakers, even when discussing similar subjects (Hofmann et
al., 2024). In multilingual scenarios, these biases can be compounded by linguistic and cul-
tural divergences: for instance, an expression viewed as neutral in one language might be per-
ceived as more charged in another. Research indicates that cross-lingual transfer can worsen
bias in sentiment analysis, as systems using cross-lingual transfer often become more biased
than their monolingual counterparts (Goldfarb-Tarrant et al., 2023). Furthermore, sentiment
signals often co-occur with contextual mentions of social categories, such as gender, ethnicity,
or religion, potentially leading to unintended associations in the latent representation of text.
A nominally high accuracy on balanced synthetic data, like the one deployed in this study, may
mask subtle disparities when confronted with real user content that references different social
identities or sensitive topics (e.g., “immigration policies”, “women’s healthcare”, or “religious
festivals™).

In addition, quantization, while vital for fitting large models onto consumer hardware, can
influence how the model treats infrequent tokens, specialized terminology, or subtle morpho-
logical inflections. If certain dialect words or culturally loaded phrases are used less frequently
in the training data, they might be represented by lower-precision weights. This could dispro-
portionately affect model performance for underrepresented language varieties, effectively
reinforcing existing imbalances in the source data.

Advancing Bias Detection Through Multi-Modal Data Integration

Our initial evaluation using synthetic balanced datasets has established a strong foundation
for understanding cross-linguistic performance in controlled environments. This ground-
work opens pathways to develop more sophisticated bias detection systems that incorporate
real-world complexity. By combining synthetic data’s systematic coverage with authentic text
patterns, we can create hybrid evaluation frameworks that leverage the strengths of both
approaches.

Future research directions could include developing adaptive sampling techniques
that preserve synthetic data’s statistical rigor while introducing measured variability in
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demographic and cultural representations. This could involve creating generation protocols
that authentically reflect sociolinguistic patterns across different communities and contexts.
Such enhanced synthetic data could model subtle linguistic phenomena like context-dependent
prejudice, sarcasm, and microaggressions by incorporating pragmatic markers and cultural
references.

The next phase of development will focus on building comprehensive evaluation pipelines
that combine synthetic benchmarks with carefully curated real-world examples. This multi-
modal approach will enable more nuanced fairness audits by examining how models handle
both controlled test cases and naturalistic language variation.

Frameworks and Metrics for Future Fairness Evaluations

The path to a more comprehensive model evaluation extends beyond simple accuracy metrics,
drawing on rich interdisciplinary insights from NLP, machine learning, and social sciences
to develop nuanced fairness assessments. This integrated approach has given rise to several
sophisticated evaluation frameworks that probe different dimensions of model behavior.
Demographic parity examines whether the model maintains consistent classification patterns
across demographic groups, measuring for instance if texts referencing different genders or
ethnicities receive comparable sentiment ratings. The equalized odds framework takes this
further by scrutinizing error distribution, ensuring that no particular demographic bears an
undue burden of misclassification through either false positives or false negatives. Additionally,
contextual embedding analysis delves into the semantic associations formed around identity
terms like “female”, “disabled”, or “immigrant”, revealing any systematic biases in how these
concepts are represented within the model’s understanding.

The complexity of these evaluations becomes even more pronounced in multilingual systems,
where fairness metrics must be assessed not only within each language but also across
linguistic boundaries. A model might demonstrate equitable performance when processing
English content while simultaneously harboring subtle biases in its treatment of identity
markers in Japanese or Italian text, particularly if the training data for these language-culture
pairs is less extensive or diverse. This multilingual dimension underscores the importance of
comprehensive evaluation across the full spectrum of supported languages to ensure consistent
fairness standards throughout the system.

Practical Steps Toward Fair, Bias-Aware Analysis

The implementation of robust bias detection and mitigation in local LLM pipelines requires
a multifaceted approach that combines rigorous testing, strategic data enhancement, and
continuous monitoring. At the foundation of this framework lies the careful assembly of bias-
focused test sets, which serve as specialized diagnostic tools. These curated corpora should
encompass a wide spectrum of demographic representations, including varied dialect features,
cultural references, and sensitive topics that might trigger classification discrepancies. The test
sets should authentically reflect real-world language patterns, incorporating domain-specific
terminology, colloquialisms, and community-specific expressions that might otherwise be
overlooked in standard evaluation procedures.

Data augmentation emerges as a powerful strategy for addressing representational imbalances
within model training. When certain dialects, cultural expressions, or demographic groups
are underrepresented, targeted augmentation can help restore balance and improve model
fairness. This might involve sophisticated oversampling techniques for minority group
references, generating contextually appropriate examples that challenge existing stereotypes,
or incorporating adversarial examples that explicitly test the model’s handling of bias-sensitive
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scenarios. The augmentation process should be carefully calibrated to maintain linguistic
authenticity while expanding the model’s exposure to diverse perspectives and expressions.

Regular auditing of model outputs serves as a critical ongoing safeguard against emerging
biases. These systematic reviews should extend beyond synthetic benchmarks to examine real-
world performance across different contexts and user populations. By analyzing both live and
historical data, practitioners can track how model behavior evolves over time, particularly in
response to domain adaptation efforts or updates to the base model architecture. This temporal
analysis helps identify subtle shifts in fairness metrics that might otherwise go unnoticed.

The deployment of sophisticated explanatory tools adds another layer of diagnostic capability
to the bias detection framework. Advanced techniques such as feature attribution analysis and
saliency mapping can reveal the internal mechanics of model decision-making, highlighting
specific n-grams or embedding patterns that might systematically trigger biased responses.
These insights enable practitioners to pinpoint problematic associations within the model’s
learned representations and implement targeted interventions to address them. Furthermore,
these diagnostic tools can help track the effectiveness of bias mitigation strategies by providing
detailed visibility into how model behavior changes in response to various interventions.

Relevance to Local LLM Deployments

It may seem that local deployment, by eliminating data transfers to external servers, princi-
pally addresses privacy concerns (e.g., GDPR compliance). Yet, privacy does not inherently
guarantee fairness. A model can still produce systematically biased classifications even if the
data remain strictly on-device (Lyu et al., 2019). For organizations striving to comply not only
with privacy mandates but also with ethical best practices, fairness audits become an essential
extension of typical performance evaluations (Lyu et al., 2020). The fact that the pipeline runs
locally on consumer-grade hardware adds further impetus to ensure that any identified biases
are rectified in situ, without relying on continuous patches or remote retraining from external
providers (Meerza et al., 2024).

Pilot Study Results

Although our current study centers on achieving high accuracy in multilingual sentiment
classification under hardware-constrained, locally deployed large language models (LLMs),
sentiment analysis inevitably raises ethical and practical questions around fairness and bias.
These issues are especially salient when applying NLP tools to heterogeneous, real-world data
streams that may reflect demographic inequalities, cultural nuances, and power imbalances
embedded in language use. Even under a privacy-preserving local deployment scheme, the risk
remains that LLM’s underlying training data or quantization strategies could inadvertently pro-
duce biased outputs for certain groups or content domains. Below, we present the results of a
pilot study to evaluate whether language that could induce bias leads to significant sentiment
misclassification rates.

Experimental Setup and Rationale

In this pilot, we tested a set of synthetic demographic-focused sentences referencing older
adults, female individuals, and immigrant groups across English, Italian, and Japanese. Each
sentence was repeated through multiple inference passes to ascertain whether misclassifica-
tions were consistent (implying underlying representational bias) or merely random (correct-
able by ensemble voting). Unlike the main study’s reliance on bias-free synthetic data alone,
this mini-dataset introduced domain-specific references and demographic contexts, albeit still
smaller and more controlled than large real-world corpora.
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As suggested by the main study, we used 36 repeated inference passes per item, generating a
total of 4,320 classifications. This ensemble-based approach matches the Monte Carlo spirit of
the main experiment, making it particularly relevant for detecting subtle classification instabil-
ities that might correlate with biases toward specific demographic identifiers.

Dataset Considerations

This pilot study systematically investigates bias-related language patterns through a multi-
lingual dataset encompassing English, Italian, and Japanese. The dataset comprises 120 sen-
tences generated by systematically combining 20 foundational scenarios, each rendered into
three languages and represented with positive and negative sentiment (20 x 3 x 2 = 120). This
controlled design allows direct comparisons across languages and sentiments while preserving
semantic consistency.

This dataset is organized around diverse groups vulnerable to societal biases, such as older
adults, women, immigrants, disabled individuals, and low-income communities. It extends
further to encompass single parents, LGBTQ+ individuals, refugees, neurodivergent employ-
ees, and others who frequently encounter discrimination. By including a broad range of demo-
graphic targets, the dataset captures various expressions of prejudice—be it ageism, sexism,
xenophobia, ableism, or socioeconomic bias—while maintaining a manageable scope.

Positive sentences emphasized supportive, respectful, or empowering actions, employing
terms like “adapted”, “welcomed”, or “provided support”, while negative sentences highlight
prejudiced or exclusionary behavior, often using words such as “excluded”, “criticized harshly”,
or “discriminated against” (Table C1).

Table C1 Examples of pilot study sentences in English, Italian, and Japanese.

Class English Italian Japanese

Positive The school adapted its La scuola ha adattato K& 2L 2 HLH A
curriculum to include il curriculum per fehY) F 27 LEBAL
diverse cultures. includere culture 2o

diverse.

Negative  The city neglected La cittd non ha fornito i (& AT R HE D 12
to provide ramps for ~ rampe per utenti su DAa—7%REL % h
wheelchair users. sedia a rotelle. > 7z,

Classification Rationale

An important distinction between this pilot and the three-tier classification employed in
the main text is our decision here to focus on a binary (positive vs. negative) classification
scheme. Although the main study delineates positive, neutral, and negative sentiment, the
pilot is more narrowly concentrated on detecting potential extremes of classification that might
disproportionately affect certain demographic groups (Kiritchenko & Mohammad, 2018).
By compressing the neutral class into one of the two polarity extremes or excluding neutral
examples, we direct our attention to the presence or absence of unambiguously positive versus
adverse sentiment signals.

From a bias-detection standpoint, extreme sentiment shifts (e.g., from strongly positive to
strongly negative) can carry the most significant ethical and practical consequences, as they
can reinforce or amplify damaging stereotypes (Mei et al., 2023). Neutral judgments, while
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informative in broader usage, do not always expose the kinds of representational inequalities
that underlie many bias concerns (Sap et al., 2019). Consequently, by operationalizing a binary
approach, we chose to emphasize the risk of harmful misclassification—e.g., if references to
older immigrants systematically trigger negative sentiment (Asyrofi et al., 2021). This choice
simplifies the experimental design, ensuring each demographic mention elicits a straightfor-
ward polarity judgment from the model.

In future, more comprehensive bias evaluations, the neutral category could be reintroduced
to reveal whether certain group references evade polarity altogether. Yet for this initial pilot,
the binary setup proved sufficient to determine whether the model was disproportionately
classifying particular demographic mentions with negativity (or positivity). Given the high
accuracy across repeated inferences, no significant bias patterns emerged in this limited
sample, although more expansive datasets remain necessary to confirm these findings and
accommodate neutral expressions fully (Buolamwini & Gebru, 2018).

Overall Findings

Summary Statistics. The validation statistics reveal excellent performance across all three
languages (Table C2), with mean accuracies ranging from 0.951 (Italian) to 0.981 (English),
and 0.988 (Japanese). Cohen’s kappa values likewise indicate strong consistency between
predicted labels and ground-truth annotations. All responses showed significant non-random
agreement (p < 0.05). Although the pilot dataset is intentionally small, these metrics suggest
no glaring demographic-specific biases under repeated inference conditions. The stronger
performance compared to the data in the main study is ascribable to a two-sentiment versus a
three-sentiment analysis.

Table C2 Per language summary statistics.

Language Metric Value 95% CI SD Median IQR

English Accuracy 0.981 0.978-0.985 0.011 0.975 0.006
Cohen’s kappa 0.962 0.955-0.970 0.022

Italian Accuracy 0.951 0.944-0.959 0.022 0.950 0.025
Cohen’s kappa 0.903 0.888-0.917 0.045

Japanese  Accuracy 0.988 0.984-0.992 0.013 1.000 0.025
Cohen’s kappa 0.976 0.968-0.985 0.025

Class-Level Performance. Analyses of positive and negative classes across English,
Italian, and Japanese reinforce the general conclusion of minimal misclassification (Table
C3). For example, English negative-class recall was 0.962 (95% CI: 0.877-1.000), and
English positive recall reached a perfect 1.000 in repeated sampling. Similar trends emerged
in Italian and Japanese, though slight divergences exist in negative recall for Italian (0.903)
and negative precision for Japanese (0.978). These divergences did not clearly map onto any
single demographic focus, implying that no specific group (e.g., older adults or immigrant
communities) faced systematically higher misclassification rates.
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Table C3. Class-level statistics.

Language Class Metric Value 95% CI SD
English Positive Precision 0.964 0.882-1.000 0.021
Recall 1.000 1.000-1.000 0.000
F1-Score 0.982 0.936-1.000 0.011
Negative Precision 1.000 1.000-1.000 0.000
Recall 0.962 0.877-1.000 0.022
F1-Score 0.981 0.933-1.000 0.011
Italian Positive Precision 0.913 0.780-0.999 0.036
Recall 1.000 1.000-1.000 0.000
F1-Score 0.954 0.876-0.999 0.020
Negative Precision 1.000 1.000-1.000 0.000
Recall 0.903 0.758-0.998 0.045
F1-Score 0.948 0.861-0.999 0.025
Japanese Positive Precision 1.000 1.000-1.000 0.000
Recall 0.976 0.921-1.000 0.025
F1-Score 0.988 0.957-1.000 0.013
Negative Precision 0.978 0.925-1.000 0.024
Recall 1.000 1.000-1.000 0.000
F1-Score 0.988 0.959-1.000 0.012

Statistical Analysis

Distribution Tests. Anderson-Darling tests detected substantial departures from normality
across all languages (English: A = 8.494, p = 4.33e-21; Italian: A = 2.403, p = 3.29¢e-06;
Japanese: A = 6.331, p = 7.08e-16), prompting the use of both Welch’s ANOVA (F(2, 66.27) =
36.97, p <.001) and the non-parametric Kruskal-Wallis test (H(2) = 56.84, p < .001). Both tests
strongly rejected the null hypothesis of equal means/distributions between languages, with the
Kruskal-Wallis showing even stronger evidence against the null hypothesis (larger test statistic
relative to its distribution). Despite these distributional caveats, the Fligner-Killeen test (p =
0.074) found no strong heteroscedasticity. Both parametric Games-Howell and non-parametric
Dunn’s test post-hoc comparisons revealed significant differences between languages, with
Japanese performing slightly better than English (Games-Howell: p = 0.04; Dunn’s test:
p = 0.25), and both significantly outperforming Italian (all p < 0.001). The effect sizes were
consistent across both parametric (w2 = 0.513) and non-parametric (¢2 = 0.513) approaches,
confirming previous findings that language choice accounts for a substantial portion of the
observed variation in accuracy. Rank biserial correlations further quantified these differences,
showing strong effects between Italian and both English (rrb = —0.750) and Japanese (rrb =
0.843), but only a modest effect between English and Japanese (rrb = 0.278).
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Intra-Rater Agreement. Intra-rater agreement for English reached 99.4% across repeated
responses, reflecting high stability of predicted labels. Italian (97.6%) and Japanese (98.8%)
similarly exhibited robust ensemble consistency, indicating that any borderline cases tend to
remain marginal in a repeated-inference scenario. From a bias perspective, such consistency
implies the system is not randomly fluctuating in its sentiment assignments for demographic
references; if bias were present, it would likely manifest as systematically skewed predictions,
not ephemeral or fixable by majority vote.

Implications for Bias Detection

Although no strong evidence of group-specific bias emerged within this small pilot, these results
do not rule out more subtle biases that might surface in broader, less curated texts. The model’s
strong performance may reflect the highly controlled nature of the dataset, the relatively bal-
anced negative and positive references for each demographic category, and the synergy between
repeated inference and the model’s underlying training signals. Nonetheless, the pilot validates
an ensemble-based approach to revealing or mitigating classification inconsistencies, high-
lighting that repeated sampling yields stable predictions across sensitive demographic topics
in these short texts.

Directions for Extended Bias Audits

Moving forward, a few expansions remain essential. First, incorporating larger real-world
corpora through user-generated content from social media, forums, or domain-specific data
sources will be crucial, as sentiment in these contexts may be deeply intertwined with cultural
references and intersectional identities. Additionally, examining references that combine mul-
tiple demographic markers (e.g., older female immigrants) will enable more nuanced intersec-
tional analyses. Testing targeted data augmentation through adversarial fine-tuning for specific
subgroups will also be important if disparities appear in more extensive datasets. Ultimately,
such steps will strengthen confidence that on-device LLM approaches remain equitable while
preserving data privacy via local deployment.

Concluding Remarks on the Pilot

The pilot’s results demonstrate the feasibility of using a repeated-inference, ensemble-based
methodology to gauge fairness and detect potential biases in local LLM sentiment analysis.
Although minimal bias signals were detected within this small dataset, the approach provides
a scalable blueprint for larger and more diverse corpora—ensuring that practitioners can sys-
tematically integrate fairness considerations into local model evaluations. By adopting either
binary or three-tier classification schemes as context demands, it becomes possible to address
the full complexity of sentiment analysis tasks while remaining vigilant against subtle demo-
graphic misclassifications.
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