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Abstract

Social media generates massive amounts of unstructured, multilingual textual data that
contain many sentiments, emotions, and opinions from users that provide insights for
enterprises undergoing digital transformation. In this paper, we evaluate a variety of
commercially available, lightweight large language models (LLMs) for sentiment, emotion,
aspect-based sentiment, and toxic speech detection on noisy, real-world social media
datasets. These lightweight models are compared (against traditional RoBERTa-based
classifiers and heavyweight “pro” LLMs) in terms of performance, latency, and cost trade-
offs that are key for scalable deployment across the enterprise. Our results show that
lightweight LLMs achieve good accuracy with considerably lower response times and costs,
which makes them suitable as the next step in digital transformation for real-time social
media analytics. Additionally, we investigate the importance of prompt engineering and
show that preprocessing can be very limited for LLMs. This study provides operational
guidelines regarding model selection based on latency, accuracy, and cost trade-offs as
well as optimal prompt engineering techniques. Finally, it evaluates the intersection
of operational performance and resource efficiency to help researchers and developers
integrate LLM-based social media analytics into digitized business practices.

Keywords: large language models; social media analytics; sentiment analysis; digital
transformation; prompt engineering; natural language processing

1. Introduction
Nowadays, in the digital era, corporations are increasingly leveraging information

based on social media as part of the digital transformation of their organization. Social
media express evolving groups of people’s moods, sentiments, and attitudes of customers,
stakeholders, and the general public. This rich textual data can be used by enterprises to
refine brand management, predict the market, enhance customer experience, speed up
responses to new crises, and respond more quickly to emerging situations, all of which
directly impact operational excellence and competitive advantage.

Sentiment analysis has evolved significantly over the last two decades. Early lexicon-
based approaches were inexpensive and simple but struggled with understanding context,
negation, and sarcasm [1]. Subsequent machine learning approaches required extensive
quantities of labeled data and significant feature engineering [2]. More advanced patterns
were detected by deep learning techniques that involved neural nets and embedded word
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representations. Recently, transformers such as BERT and RoBERTa have applied attention
to make context even more meaningful [3]. However, they require large computing power
and huge amounts of well-labeled data, particularly for domain-specific tasks [4].

The arrival of large language models represents the largest recent development in
sentiment and emotion analytics. Models such as GPT, Gemini, and Claude are capable
of understanding and generating human-like language [5]. The most crucial property of
these models is that they can use zero or a few examples to train [6]. This resolves the need
for large-scale, expensive, high-quality labeled datasets required to train language models.
This challenge is particularly evident in low-resource languages or domains with specific
knowledge gaps [2]. LLMs can also be used to process social media text to identify sarcasm,
slang, and mixed emotions that traditional models could not detect [7]. Yet, they require
computing power (and thus substantial financial costs), there are potential biases, and
detailed prompts to provide reliable outcomes [8]. These models can enable enterprises to
perform sentiment, emotion, and toxic speech detection more accurately, faster, and more
affordably. Balancing model performance with latency and financial costs is a key challenge
for organizations undergoing digital transformation.

This research specifically aims to investigate the effectiveness of several popular com-
mercial lightweight LLMs for performing sentiment and emotion-based analysis on social
media data. Sentiment analysis, and more importantly, fine-grained emotion extraction,
have been enormously valuable in today’s social media environment. It enables companies,
institutions, governments, and researchers to understand public opinions, brand reputa-
tion, emerging crises, and market trends. Simple sentiment classification can give a broad
overview, but detecting emotion reveals more nuanced, complex, and sometimes contradic-
tory emotional responses. Between a rapidly changing public opinion landscape on social
media, the capability to dynamically, inexpensively track these transformations has become
vital. However, social media text is often noisy and informal, and it is usually written in
multiple languages, while in real-world scenarios, social media sentiment analysis should
be performed multiple times (e.g., at regular intervals or in response to evolving events) to
capture dynamic shifts in public opinion. Given all the above challenges, we aim to assess
models that can achieve performance, accuracy, latency, and cost-effectiveness on these.
We wish to help understand how these accessible LLMs work on real-world social media,
especially compared with more traditional models.

This work conducts an examination of popular LLMs for performing sentiment and
emotion analysis on noisy real-world multilingual social media data. We focus on models
that are commonly accessible to researchers, small businesses, startups, as well as large
enterprises seeking to optimize performance while reducing operational costs. By this,
we help provide practical insights into when and how these affordable, low-latency mod-
els may become an alternative to much heavier and costly “pro” models while keeping
performance competitive. Specifically, we present:

• An overview of how sentiment analysis methods have changed, focusing on the
transition from older lexicon-based and machine learning techniques to deep learning
and large language models;

• A comparison of popular commercial, lightweight LLMs on various public social
media datasets, including performance metrics and response times;

• A comparison of LLM performance against traditional BERT-based model classifiers
trained on complete data;

• A further study of how LLM performance is being affected by different prompting
techniques;

• An examination if data preprocessing remains necessary with LLMs;
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• A comparison of the selected lightweight LLMs performance, response time, and cost
trade-offs against heavier, more expensive “pro” models.

2. Background and Related Work
2.1. Traditional Approaches to Sentiment Analysis

Sentiment analysis has been evolving through a number of steps before the arrival of
large language models. In the early days, lexicon-based approaches were based on fixed
sentiment lexicons, where words were assigned a polarity score from −5 to +5 [1,9–14].
SentiWordNet, AFINN, LIWC, and others used these dictionaries to measure text sentiment
by counting positive and negative words. While simple and cost-effective, lexicon-based
approaches were not effective in dealing with the language complexity of context, negation,
sarcasm, and informal expressions found in social media.

To overcome these limitations, machine learning classifiers such as Support Vector
Machines (SVMs), Naive Bayes, and Logistic Regression have been proposed to classify
sentiment in n-grams and Term Frequency-Inverse Document Frequency (TF-IDF) [2,15,16].
These models, trained on annotated data, were able to identify sentiment patterns more
reliably than lexicon-based methods and generalized better to unseen inputs. However,
they still needed large labeled datasets and feature engineering and lacked deeper seman-
tic understanding.

Deep learning helped in sentiment analysis as it learned hierarchical representations
from raw text without manual feature design. Recurrent Neural Networks (RNNs), Long
Short-Term Memory (LSTM), and Gated Recurrent Units (GRU) enabled sequence model-
ing with better memory, overcoming earlier vanishing gradient problems [17–20]. Word
embeddings like Word2Vec and GloVe also made semantic tagging much easier by placing
words that are semantically related to each other well in vector space [19,20]. Finally,
CNNs (convolutional neural networks) from image processing applications were trained to
recognize the local features and phrases of words and thus provided valuable information
for short text such as social media posts [21]. However, challenges remain in the form of
longer dependencies and context understanding.

Transformer-based models achieved a breakthrough by processing whole text se-
quences simultaneously using self-attention mechanisms so that distance relationships be-
tween words could be better captured than in earlier models [3,22,23]. BERT and RoBERTa
introduced bidirectional encoding, which enhanced the understanding of complex and
ambiguous sentiments [23,24]. Extensions like DistilBERT and ALBERT made computation
more efficient but still maintained performance. Despite this, transformers were expensive
and labeled dataset-dominated, which was an issue for many organizations [4,25].

Together, these traditional stages—from lexicon-based to transformer models—laid
the groundwork for the current state-of-the-art in sentiment analysis and paved the way
for the powerful large language models that now enable more versatile and generalized
natural language understanding.

2.2. Large Language Models (LLMs)

The introduction of large language models (LLMs) marks the latest and most sig-
nificant advancement in sentiment and emotion analysis. Models such as GPT-3, GPT-4,
Gemini, and Claude leverage transformer architectures trained on vast, diverse datasets,
enabling zero-shot and few-shot learning without the need for extensive task-specific
fine-tuning [5,6,26,27]. This flexibility allows LLMs to perform a wide range of down-
stream tasks—including sentiment classification, summarization, translation, and emotion
detection—simply by modifying the input prompts [5].
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Unlike traditional models, LLMs possess a superior ability to interpret complex lan-
guage phenomena such as sarcasm, slang, and mixed emotions, which are prevalent in
social media contexts but challenging for earlier approaches [7]. The advent of accessi-
ble open-source LLMs like LLaMA, Mistral, and Falcon has expanded experimentation
opportunities beyond well-funded organizations, though large-scale commercial “pro”
models remain resource-intensive [28]. However, operating these models entails significant
computational costs, potential output ambiguity without precise prompting, risks of bias,
and limited explainability [8,29,30].

Recent literature emphasizes the transformative impact of LLMs on sentiment anal-
ysis. Studies have demonstrated that zero-shot and few-shot LLMs can achieve competi-
tive or superior results on certain classification tasks compared to traditional supervised
models [6,31]. However, LLMs also exhibit weaknesses, particularly in fine-grained tasks
such as aspect-based sentiment analysis and multi-emotion classification, where domain-
specific models may sometimes outperform them [27,31]. The role of prompt engineering—
crafting detailed and contextually rich instructions to guide model behavior—has emerged
as a critical factor influencing LLM performance [32].

While comparative benchmarking of LLMs for sentiment analysis is well established
in the literature, our work fills the gap in the literature by shifting the focus from theoretical
maximum performance to practical operational viability. Our three major contributions are:

• Focus on State-of-the-Art Lightweight Architectures: Previous studies focus on heavier
and more expensive LLMs (GPT-3.5, early LLaMA) or traditional transformers. We
consider highly recent, cost-effective models (e.g., Gemini 2.0 Flash, Grok 3 mini,
DeepSeek V3) that are very relevant to current developer ecosystems;

• Comprehensive Multilingual and Multi-Task Scope: Instead of isolating a task, our
framework tests general sentiment, entity-specific aspect sentiment, fine-grained
emotion, and toxic speech on manually annotated, multilingual social media datasets;

• Operational Digital Transformation: Unlike the current literature that ranks models
according to classification accuracy, we map performance metrics against API latency
and token costs. This results in a novel, practical way for businesses to identify the
exact cost-performance trade-offs for real-time digital transformation.

3. Materials and Methods
In this section, we present the models, tasks, datasets, and evaluation measures that

we researched. We categorize our evaluation tasks into four types: sentiment analysis,
aspect-based sentiment analysis, toxic speech detection, and emotion analysis.

3.1. Overall Objective and Sub-Objectives

The overall objective of this study is to evaluate commercially available lightweight
LLMs for real-time, multilingual social media analytics, focusing on their performance,
latency, and operational cost to support digital transformation efforts in enterprises. To
achieve this objective, the research addresses the following sub-objectives:

• Performance Comparison: Assess the accuracy, precision, recall, and F1-score of
popular lightweight LLMs on sentiment analysis (SA), aspect-based sentiment analysis
(ABSA), emotion analysis (EA), and toxic speech detection (TSD) tasks using diverse
social media datasets;

• Benchmarking: Compare lightweight LLMs against traditional RoBERTa-based clas-
sifiers and heavyweight “pro” LLMs in terms of predictive quality, response time
(latency), and computational cost;
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• Prompt Engineering: Investigate the impact of different prompt engineering tech-
niques, including Role-Playing (RP), Naming the Assistant (NA), Chain-of-Thought
(COT), and Emotional Prompting (EP), on the models’ classification performance;

• Preprocessing Analysis: Examine the necessity and influence of text preprocessing on
LLM performance, particularly regarding handling noisy social media text;

• Operational Trade-offs: Analyze the interplay between model accuracy, latency, and
cost to provide practical guidelines for scalable deployment in enterprise monitor-
ing systems.

3.2. Sentiment Analysis
3.2.1. Sentiment Analysis Datasets

Sentiment analysis (SA) is a computational method used to determine the sentiment ex-
pressed in text. It typically analyzes text as positive, negative, or neutral. In our evaluation,
we used the following datasets:

• English Sentiment Analysis Dataset (ESAD): A dataset of 1000 English tweets was
created, half retrieved from Go et al. [33] and the other half from Yasserh [34];

• Multilingual Sentiment Analysis Dataset (MSAD): A subset of 1000 tweets was ex-
tracted from the multilingual dataset created by Barbieri et al. [35], with each tweet
manually annotated as positive, negative, or neutral sentiment;

• Manually Labeled Multilingual Sentiment Analysis Dataset (ML-MSAD): To achieve a
comprehensive analysis and ensure the models can handle previously unseen data,
we manually collected and annotated a multilingual dataset containing about 1000 so-
cial media posts in various languages, primarily Spanish (40%), Greek (30%), and
English (15%).

3.2.2. Aspect-Based Sentiment Analysis Datasets

Aspect-based sentiment analysis (ABSA) is a more detailed way to figure out what
people think about specific things or aspects within a text. It goes beyond just saying
whether a whole review is positive or negative. For example, if someone reviews a smart-
phone, a regular sentiment analysis might say the whole review is good. But ABSA could
tell you that the camera got negative feedback, while the battery life got positive feedback.
For our evaluation, the following dataset was used:

• Aspect-Based Sentiment Analysis Dataset (ABSAD): This is an entity-level sentiment
analysis dataset of Twitter. The dataset includes three classes: positive, negative, and
neutral [36].

3.3. Emotion Analysis

Emotion analysis (EA) represents a more granular progression of standard sentiment
analysis. Whereas sentiment analysis attempts to classify text into large polarities such as
positive, negative, or neutral, emotion analysis is an attempt to extract and classify more
types of human emotions from texts. It enables us to reveal the total state of the person
writing the emotion, helping us dig deeper into them and what they were really feeling
and thinking. For example, instead of just labeling a text as negative, emotion analysis can
determine whether an emotional response from that text is anger, sadness, or fear. The
datasets we used for the evaluation are the following:

• Emotion Analysis Dataset (EAD): A collection of English tweets that have been anno-
tated with six basic emotions: anger, fear, joy, love, sadness, and surprise [37];

• Manually Labeled Emotion Analysis Multilingual Dataset (ML-EAD): Similar to our
sentiment analysis evaluation, we manually gathered and labeled 1000 social media
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posts to identify four different emotions (joy, sadness, anger, fear). And a majority of
these posts (40%) were in Spanish, followed by Greek (35%), followed by English (20%).

3.4. Toxic Speech Detection

Toxic speech detection (TSD) is a subset of natural language processing and machine
learning that recently received substantial attention in the European Union and worldwide.
Toxic speech detection refers to the process of automatically identifying and classifying
online text that presents harmful, abusive, or offensive language targeting individuals or
groups. For this task, we utilized the following dataset:

• YouTube Toxic comments: This dataset contains 1000 manually annotated toxicity
comments in English, which were collected from YouTube videos about the 2014
Ferguson unrest [38].

3.5. Evaluation Models

For our study, we selected LLMs that are capable of good performance but still
deliver a good trade-off between speed, low latency, and cost-effectiveness. This choice is
motivated by the needs of real-world applications where models need to be fast, effective,
and inexpensive. Even though academic research sets as a priority the theoretical perfection,
there is a need for a useful and practical tool for real-world cases. According to this, our
model selection includes:

• GPT-4o-mini;
• Gemini 2.0 Flash;
• DeepSeek V3;
• Grok 3 mini;
• Claude 3.5 Haiku.

Our comparison also extends to traditional BERT-based classifiers, for which we
utilized the following RoBERTa-based models:

• twitter-XLM-roBERTa-base for sentiment analysis (SA-XLM): This is a multilingual
roBERTa-based model trained on ~198 M tweets and finetuned for sentiment analysis
over several languages;

• xlm-emo-t for emotion detection (EM-XLM): a multilingual RoBERTa-based model
specifically trained to detect the following four emotions.

Both models are based on the XLM-T model presented in [35]. Finally, we wanted to
evaluate the performance of the selected lightweight LLMs against heavier, more expensive
“pro models” to determine the practical gains and losses in terms of overall performance,
cost, and response time. For this case, we used:

• Gemini 2.5 Pro;
• Gemini 3 Pro.

3.6. Evaluation Metrics and Operational Significance

In order to translate our NLP evaluation to enterprise deployment scenarios, we
operationalize “digital transformation” by translating these standard machine learning
metrics into organizational Key Performance Indicators (KPIs). For an enterprise using
social media analytics, the viability of an LLM is determined by three core business needs:

• Accuracy and F1-score (Reliability of Business Intelligence): Accuracy is the proportion
of all responses that turned out right, while the F1-score is a balanced average that
includes missed hits but also false alarms. These measures show how effectively we
are capturing true public opinion, which directly affects the quality of decisions made
in marketing, customer service, and crisis management;
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• Precision and recall (Risk Mitigation Coverage): Precision indicates the number of
times the model is correct when it labels something (avoiding “false alarms”), while
Recall measures how much of the total relevant data the model actually found (avoid-
ing “missed signals”). These metrics help organizations decide whether to prioritize
accuracy (e.g., not wrongly flagging a polite comment as toxic) or thoroughness (e.g.,
ensuring every hint of a growing PR crisis is caught);

• Latency and Cost (Real-Time Workflow Integration): For true digital transformation,
analytics must be integrated into high-throughput, automated pipelines. Response
times determine if a model can support real-time dashboards, while cost-per-token
determines the financial feasibility of continuous, large-scale data consumption.

3.7. Statistical Analysis

To ensure the reliability of our findings and account for variance, we conducted post
hoc statistical analyses on the model predictions. For the overall accuracy metric we calcu-
lated 95% confidence intervals using non-parametric bootstrapping with 1000 resamples
of the test set. Furthermore, to determine if the performance differences between the top-
performing models were statistically significant, we applied McNemar’s test, adjusting for
multiple comparisons where appropriate. A significance threshold of p < 0.05 was utilized
for all tests.

4. Results
4.1. Sentiment Analysis Task

Below, we outline the evaluation metrics for the sentiment analysis tasks on both the
English and multilingual datasets. Additionally, for the ESAD, we preprocess the text to
investigate the impact of preprocessing on the results. For text preprocessing, we removed
URLs, usernames, domains, and RT annotations.

Prompt used: Analyze the sentiment of the social media post. Output only one word:
Positive, Negative, or Neutral. Post Text: [Text]

With the ESAD, Grok 3-mini achieved the highest raw accuracy (69%) and recall (69%)
(Table 1). However, statistical analysis reveals that its numerical advantage over GPT-4o-
mini (p = 0.20) and DeepSeek V3 (p = 0.20) is not statistically significant. Therefore, these
three models effectively tie for top performance on the unprocessed English dataset. Claude
3.5 Haiku and Gemini 2.0 Flash performed significantly worse in this specific scenario
(p < 0.05).

Table 1. Evaluation metrics for the SA task on the ESAD with no preprocessing.

Model Accuracy Precision Recall F1-Score 95% CI p-Value

GPT-4o-mini 67% 68% 67% 68% [0.64–0.70] 0.20 (ns)
Gemini 2.0 Flash 66% 67% 66% 66% [0.63–0.69] 0.02

DeepSeek V3 67% 63% 67% 64% [0.64–0.70] 0.20 (ns)
Grok 3-mini 69% 67% 69% 67% [0.66–0.71] Baseline

Claude 3.5 Haiku 52% 69% 52% 55% [0.49–0.55] 0.00

Data preprocessing failed to meaningfully improve the top-performing models, with
performance enhancements limited solely to Claude 3.5 Haiku, whose accuracy and F1-
score increased marginally (Table 2). Conversely, preprocessing slightly degraded the
performance of Grok 3-mini and GPT-4o-mini, while leaving the metrics for Gemini 2.0
Flash and DeepSeek V3 completely unaffected. In general, preprocessing minimized
performance divergences but did not have a marked effect on model rankings, and Grok
3-mini maintained the highest accuracy (68%). This indicates that data preprocessing is
largely unnecessary for highly capable LLMs processing noisy social media text.
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Table 2. Evaluation metrics for the SA task on the ESAD with data preprocessing performed.

Model Accuracy Precision Recall F1-Score 95% CI p-Value

GPT-4o-mini 66% 66% 66% 66% [0.63–0.69] 0.27 (ns)
Gemini 2.0 Flash 66% 67% 66% 66% [0.63–0.69] 0.18 (ns)

DeepSeek V3 67% 63% 67% 64% [0.64–0.70] 0.71 (ns)
Grok 3-mini 68% 66% 68% 66% [0.65–0.70] Baseline

Claude 3.5 Haiku 55% 70% 55% 57% [0.51–0.58] 0.00

According to the MSAD (Table 3), Grok 3-mini again achieved the highest absolute
metrics (67% accuracy, 66% F1-score). However, the McNemar test confirms that GPT-4o-
mini (p = 0.28), Gemini 2.0 Flash (p = 0.45), and DeepSeek V3 (p = 0.28) all performed within
the statistical margin of error of the baseline. Claude 3.5 Haiku is less competent. Although
the dataset is also more difficult in general, it shows slightly lower performance compared
to other models.

Table 3. Evaluation metrics for the SA task on the MSAD.

Model Accuracy Precision Recall F1-Score 95% CI p-Value

GPT-4o-mini 65% 65% 65% 65% [0.62–0.68] 0.28 (ns)
Gemini 2.0 Flash 66% 65% 66% 65% [0.63–0.68] 0.45 (ns)

DeepSeek V3 65% 64% 65% 64% [0.62–0.68] 0.28 (ns)
Grok 3-mini 67% 67% 67% 66% [0.64–0.70] Baseline

Claude 3.5 Haiku 59% 65% 59% 59% [0.56–0.62] 0.00

In the ML-MSAD (Table 4), we observe that the performance of all models drops
further. The model accuracy ranged between 0.54 and 0.59, which means that the models
were able to capture a little more than half of the sentiments that were observed in this
dataset. F1-scores were similarly evenly distributed, suggesting a fair balance between
precision and recall.

Table 4. Evaluation metrics for the SA task on the ML-MSAD.

Model Accuracy Precision Recall F1-Score 95% CI p-Value

GPT-4o-mini 56% 56% 56% 56% [0.54–0.60] 0.03
Gemini 2.0 Flash 55% 54% 55% 54% [0.52–0.58] 0.00

DeepSeek V3 57% 58% 57% 58% [0.54–0.60] 0.16 (ns)
Grok 3-mini 59% 59% 59% 59% [0.56–0.62] Baseline

Claude 3.5 Haiku 54% 58% 54% 54% [0.51–0.57] 0.00
RoBERTa 56% 62% 56% 54% [0.53–0.59] 0.06 (ns)

While Grok 3-mini performed best in raw (59% accuracy and F1-score), the perfor-
mance of DeepSeek V3 (p = 0.16) and the traditional RoBERTa classifier (p = 0.06) are not
statistically different from the Grok 3-mini baseline. This shows that for very noisy mul-
tilingual datasets, the domain-specific classifiers perform on par with the state-of-the-art
lightweight LLMs, while the GPT-4o-mini, Gemini 2.0 Flash, and Claude 3.5 Haiku have a
significant decrease in reliability (p < 0.05).

4.2. Aspect-Based Sentiment Analysis Task

The performance of the selected large language models on the ABSA task is shown in
Table 5. Generally, performance is lower in ABSA than in SA since ABSA is a more complex
and detailed task. General sentiment evaluation is used to categorize the sentiment from a
text. By contrast, ABSA needs to locate specific aspects or entities within a text and then
determine the sentiment expressed towards each of those individual aspects.
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Table 5. Evaluation metrics for the ABSA task.

Model Accuracy Precision Recall F1-Score 95% CI p-Value

GPT-4o-mini 61% 68% 61% 58% [0.59–0.65] 0.16 (ns)
Gemini 2.0 Flash 62% 68% 62% 58% [0.59–0.65] 0.17 (ns)

DeepSeek V3 61% 65% 61% 59% [0.59–0.64] 0.13 (ns)
Grok 3-mini 62% 72% 62% 57% [0.59–0.65] 0.39 (ns)

Claude 3.5 Haiku 63% 65% 63% 63% [0.60–0.66] Baseline

Prompt used: Analyze the sentiment of the social media post towards [keyword].
Output only one word: Positive, Negative, or Neutral. Post Text: [Text]

Claude 3.5 Haiku achieved the highest absolute accuracy (63%) and F1-score (63%),
suggesting a highly balanced level of precision and recall. Gemini 2.0 Flash and GPT-
4o-mini demonstrated highly comparable performance across all nominal metrics, both
achieving an identical precision rate of 68% and matching F1-scores of 58%. However,
applying statistical rigor fundamentally changes the interpretation of these results. Setting
Claude 3.5 Haiku as the baseline reveals that the p-values for all other evaluated models
exceed the 0.05 significance threshold. Consequently, there is no statistically significant
performance difference among any of the evaluated models for the ABSA task.

4.3. Emotion Analysis Task

For this evaluation, we used two datasets: the English EAD and the manually an-
notated multilingual ML-EAD. The purpose was to identify specific emotions in social
media posts. In EAD, six basic emotions were examined: sadness, joy, love, anger, fear, and
surprise. The ML-EAD included four emotions: joy, sadness, anger, and fear. The models
were instructed to display only the primary emotion, without additional explanations or
references to other emotional states.

Prompt used for the EAD: Analyze the social media post and identify its emotion from
the six categories only: sadness, joy, love, anger, fear, or surprise. Return only the primary
emotion without any explanation or mention of secondary emotions. Post Text: [Text]

Prompt used for the ML-EAD: Analyze the social media post and identify its emotion
from the four categories only: joy, sadness, anger, or fear. Return only the primary emotion
without any explanation or mention of secondary emotions. Post Text: [Text]

Tables 6 and 7 show that the models achieve reduced F1 scores on the EA task com-
pared to the sentiment analysis task, indicating that distinguishing a broader range of
emotions is much more challenging. This also explains why models performed better
on the ML-EAD (with four emotions) than on the EAD (which asked them to classify six
different emotions).

Table 6. Evaluation metrics for the EA task on the EAD.

Model Accuracy Precision Recall F1-Score 95% CI p-Value

GPT-4o-mini 58% 59% 58% 56% [0.55–0.61] Baseline
Gemini 2.0 Flash 56% 56% 56% 55% [0.53–0.59] 0.17 (ns)

DeepSeek V3 56% 56% 56% 54% [0.53–0.59] 0.14 (ns)
Grok 3-mini 56% 58% 56% 56% [0.53–0.59] 0.20 (ns)

Claude 3.5 Haiku 54% 57% 54% 53% [0.50–0.57] 0.00

Table 6 shows that the F1-scores for all models range from 0.53 to 0.56, suggesting
that emotion analysis for six distinct categories is a significantly more complex task than
binary or ternary sentiment classification. The closer range of scores also suggests a lesser
performance distinction among models in comparison with the sentiment analysis tasks.
GPT-4o-mini achieved the highest nominal metrics with an accuracy of 58% and an F1-
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score of 56%. Yet, the statistical analysis indicates no significant difference between the
performance of GPT-4o-mini and Grok 3-mini (p = 0.20), Gemini 2.0 Flash (p = 0.17), and
DeepSeek V3 (p = 0.14). Only Claude 3.5 Haiku performed significantly worse on this
specific task (p = 0.00). It seems that, in particular, it had the most difficulty classifying these
six emotions. Like observations in other tasks, values of precision are generally slightly
higher than recall for most models; in other words, they tend to take a more conservative
approach with respect to positive predictions (fewer false positives) but may miss some
(less recall).

Table 7. Evaluation metrics for the EA task on the ML-EAD.

Model Accuracy Precision Recall F1-Score 95% CI p-Value

GPT-4o-mini 74% 82% 74% 76% [0.71–0.77] 0.00
Gemini 2.0 Flash 80% 82% 80% 80% [0.78–0.83] Baseline

DeepSeek V3 63% 72% 63% 59% [0.60–0.66] 0.00
Grok 3-mini 76% 78% 76% 74% [0.73–0.78] 0.00

Claude 3.5 Haiku 68% 75% 68% 65% [0.64–0.71] 0.00
RoBERTa 62% 63% 62% 61% [0.59–0.65] 0.00

We observe in Table 7 that for most LLMs, the performance of the ML-EAD is much
better than that of the EAD, possibly due to the smaller classes that are available for emotion
classification. Gemini 2.0 Flash also outperformed with the best accuracy (0.80) and F1-
score (0.80), demonstrating strong performance for multilingual emotion detection with
fewer categories. This victory is statistically significant across the board since every other
model generated a p-value of 0.00 against the Gemini baseline. GPT-4o-mini had a very
high F1-score (0.76) as well. Grok 3-mini performed competitively with an F1-score of 0.74.
DeepSeek V3 and Claude 3.5 Haiku’s F1-scores of 0.59 and 0.65 were obtained, respectively,
below the other LLMs.

Lastly, RoBERTa also achieved reasonably good performance on this multilingual setup
with an F1-score of 0.61. When the task was converted to four emotions in multilingual
language, Gemini 2.0 Flash and GPT-4o-mini performed especially well, which can be
blamed on better efficiency based on having reduced the number of emotion categories.

4.4. Toxic Speech Detection Task

For the toxic speech detection task, we evaluated the performance of the selected
LLMs using the YouTube Toxic Comments Analysis Dataset, and the results are presented
in Table 8. This task aims to identify and classify online textual content containing harmful,
abusive, or offensive language.

Table 8. Evaluation metrics for the TSD task.

Model Accuracy Precision Recall F1-Score 95% CI p-Value

GPT-4o-mini 84% 84% 84% 84% [0.82–0.87] Baseline
Gemini 2.0 Flash 82% 83% 82% 82% [0.80–0.84] 0.03

DeepSeek V3 82% 82% 82% 82% [0.80–0.84] 0.04
Grok 3-mini 84% 84% 84% 84% [0.82–0.86] 0.69 (ns)

Claude 3.5 Haiku 77% 80% 77% 76% [0.74–0.79] 0.00

Prompt used: Classify if the following YouTube comment is toxic. Respond with only
TRUE if toxic, FALSE if not. Comment Text: [Text]

The models had decent performance in detecting toxic speech in general, possibly
because it is a simple task with just two labels to label. GPT-4o-mini and Grok 3-mini
both achieved the highest raw metrics, each securing an 84% accuracy, 84% precision,
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84% recall, and an 84% F1-score. The statistical analysis (p = 0.69) confirms there is no
meaningful difference between these two top-tier models, establishing a tie for first place.
DeepSeek V3 and Gemini 2.0 Flash both came into the mid-range with similar performance,
with F1-scores of 0.82 and 0.82, respectively. Both models achieved a good balance of all
measures. In comparison, Claude 3.5 Haiku achieved the lowest performance of the tested
LLMs with an accuracy of 0.77 and an F1-score of 0.76, suggesting it was found to perform
worse on this task when compared with the rest. The results showed that although several
LLMs are capable of detecting toxic speech, the level of effectiveness is decidedly different
between these LLMs.

4.5. Prompt Engineering

In this section, we aim to investigate whether LLMs’ performance is affected by
different prompting techniques. Similar to previous research [32], we used the following
prompt engineering techniques on the ESAD:

1. Chain-of-Thought (COT): This technique guides the model to follow a step-by-step
reasoning process for evaluating the response.

Prompt used: Analyze the sentiment of the following social media post. To ensure
accuracy, follow this step-by-step reasoning process: First, identify key phrases and words
in the post that carry emotional weight (e.g., “amazing” for positive, “awful” for negative).
Second, assess the context, including emojis, hashtags, or slang that may amplify or alter
the tone (e.g., sarcasm or irony). Finally, balance the positive and negative elements to
classify the sentiment as positive, negative, or neutral. Social media post: [text]

2. Emotional Prompting (EP): This method appends a psychological phrase to the
prompt, acting as an emotional stimulus for the LLM.

Prompt used: Classify the sentiment of this social media comment as positive, negative,
or neutral, focusing on the language and tone used. Your thoughtful analysis could make a
huge difference in understanding online trends, and it should be as accurate as possible.
Social media post: [text]

3. Role-Playing (RP): This strategy provides a persona’s description in the prompt,
encouraging the LLM to adopt a specific character and perspective for the task. Prompt
used: You are Dr. Langston, a leading social media analytics expert with a PhD in
computational linguistics and a passion for decoding digital emotions. Your work
helps brands understand their audience’s feelings with precision and empathy. In
your role, analyze the sentiment of the following social media post, classifying it as
positive, negative, or neutral. Social media post: [text]

4. Naming the Assistant (NA): This involves giving the LLM a nickname, often used in
conjunction with Role-Playing by adding the name to the beginning of the instruction.

Prompt used: You are SIA, an AI that understands social media emotions, using NLP
expertise and knowledge of human expression. As SIA, evaluate the sentiment of this social
media post to determine if it is positive, negative, or neutral. Social media post: [text]

GPT-4o-mini performs best with NA prompting, while the accuracy and F1-score for
COT and EP show a significant drop (Table 9). Precision is the highest with COT (0.71).

Table 9. Evaluation metrics across prompting techniques for GPT-4o-mini.

Prompt Accuracy Precision Recall F1-Score 95% CI p-Value

COT 60% 71% 60% 62% [0.57–0.63] 0.00
EP 60% 69% 60% 62% [0.57–0.63] 0.00
RP 62% 68% 62% 64% [0.59–0.66] 0.00
NA 66% 70% 66% 67% [0.63–0.69] Baseline
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Gemini 2.0 Flash performs consistently across prompts, but NA is a bit better than
the others. Precision was best in COT (0.68). Grok 3-mini performs very well with
RP and NA, indicating good robustness across prompting techniques. The precision
of all prompts remains unchanged (0.67), which shows stable, good prediction quality
(Tables 10 and 11). DeepSeek V3 shines in RP (Table 12) but struggles significantly with
EP, experiencing a notable decrease in performance. However, it is worth noting that
GPT-4o-mini actually experienced the largest overall performance drop when utilizing
EP. Precision is unchanged (0.68) among all prompts. Claude 3.5 Haiku performs poorly
across all prompts (Table 13), with COT being particularly ineffective (accuracy 0.45). RP
produced the strongest outcomes; however, compared to other models, the metrics are
still low.

Table 10. Evaluation metrics across prompting techniques for Gemini 2.0 Flash.

Prompt Accuracy Precision Recall F1-Score 95% CI p-Value

COT 62% 68% 62% 64% [0.60–0.65] 0.01
EP 63% 66% 63% 64% [0.60–0.66] 0.02
RP 64% 65% 64% 64% [0.62–0.67] 0.50 (ns)
NA 65% 66% 65% 65% [0.62–0.68] Baseline

Table 11. Evaluation metrics across prompting techniques for Grok 3 mini.

Prompt Accuracy Precision Recall F1-Score 95% CI p-Value

COT 68% 67% 68% 67% [0.65–0.71] 0.35 (ns)
EP 67% 67% 67% 67% [0.64–0.70] 0.02
RP 69% 67% 69% 68% [0.66–0.72] Baseline
NA 69% 67% 69% 68% [0.66–0.72] 0.79 (ns)

Table 12. Evaluation metrics across prompting techniques for DeepSeek V3.

Prompt Accuracy Precision Recall F1-Score 95% CI p-Value

COT 65% 68% 65% 66% [0.62–0.68] 0.55 (ns)
EP 61% 68% 61% 63% [0.59–0.64] 0.00
RP 66% 68% 66% 67% [0.63–0.69] Baseline
NA 65% 68% 65% 66% [0.62–0.68] 0.57 (ns)

Table 13. Evaluation metrics across prompting techniques for Claude 3.5 Haiku.

Prompt Accuracy Precision Recall F1-Score 95% CI p-Value

COT 45% 68% 45% 47% [0.42–0.48] 0.00
EP 51% 69% 51% 53% [0.48–0.54] 0.00
RP 55% 67% 55% 57% [0.52–0.57] 0.53 (ns)
NA 54% 68% 54% 56% [0.51–0.57] Baseline

RP and NA were, overall, the best types of prompts among models, as RP provided
a boost to Grok 3-mini, DeepSeek V3, and Claude 3.5 Haiku, and NA showed great
improvement for GPT-4o-mini and Gemini 2.0 Flash (Figure 1). COT appears to be the least
effective for most models, especially Claude 3.5 Haiku, indicating that Chain-of-Thought
prompting may not be an appropriate model for the task. EP has mixed results, performing
poorly on DeepSeek V3 and Claude and moderately on others.
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Figure 1. Average metrics across models by prompting technique.

RP provided the highest average accuracy (0.63), recall (0.63), and F1-score (0.64),
which means that it is the most effective prompting method. NA demonstrates surprisingly
strong performance, achieving metrics very close to RP (F1-score 0.64, for example). In
contrast, COT has the lowest average accuracy (0.6), recall (0.6), and F1-score (0.612),
although it has higher precision (0.68). This suggests that COT may produce fewer false
positives than other techniques but can fall short of general correctness and coverage. EP is
a bit better than COT, but remains inferior to RP and NA with balanced metrics (~0.60–0.68).
RP is the most effective prompting technique, followed by NA.

To address the task-dependency of these instructional strategies, we also applied the
prompt evaluation to the Aspect-Based Sentiment Analysis (ABSA) dataset with GPT-4o-
mini as the representative lightweight architecture. For this evaluation, we adapted the
four prompting techniques to specifically target entity-level sentiment extraction:

1. Chain-of-Thought (COT):

Prompt used: Analyze the sentiment of the social media post towards the specific
entity: [keyword]. To ensure accuracy, follow this step-by-step reasoning process: First,
locate the exact mention of [keyword] in the text. Second, identify words or phrases
directly describing or relating to [keyword] and evaluate their emotional weight. Finally,
isolate these elements from the rest of the text to classify the sentiment specifically directed
at [keyword] as Positive, Negative, or Neutral. Output only one word. Social media
post: [text]

2. Emotional Prompting (EP):

Prompt used: Analyze the sentiment of this social media post towards the entity:
[keyword]. Output only one word: Positive, Negative, or Neutral. Your thoughtful and
precise analysis could make a huge difference in helping us understand specific online
consumer trends, and it should be as accurate as possible. Social media post: [text]

3. Role-Playing (RP):

Prompt used: You are Dr. Langston, a leading social media analytics expert with a
PhD in computational linguistics and a passion for decoding digital emotions. Your work
helps brands understand their audience’s feelings toward specific products and topics with
precision and empathy. In your role, analyze the sentiment of the following social media
post towards the entity: [keyword]. Output only one word: Positive, Negative, or Neutral.
Social media post: [text]

4. Naming the Assistant (NA):
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Prompt used: You are SIA, an AI that understands targeted social media emotions,
using NLP expertise and knowledge of human expression. As SIA, evaluate the sentiment
of this social media post towards the entity: [keyword] to determine if it is Positive,
Negative, or Neutral. Output only one word. Social media post: [text]

The results were strikingly different from general sentiment classification (Table 14).
For the complex reasoning task, COT was the most effective prompt with an F1-score of
61% (95% CI: 0.59–0.65). Emotional Prompting and Role-Playing performed very similarly
to COT (p = 0.76 and p = 0.21, respectively), while Naming the Assistant (NA) performed
much worse, falling to an F1-score of 55% (p = 0.02). This indicates a complete performance
inversion compared to the ESAD results, where NA was optimal and COT struggled.

Table 14. Evaluation metrics across prompting techniques for GPT-4o-mini and ABSA task.

Prompt Accuracy Precision Recall F1-Score 95% CI p-Value

COT 62% 64% 62% 61% [0.59–0.65] Baseline
EP 62% 68% 62% 59% [0.59–0.65] 0.76 (ns)
RP 61% 67% 61% 57% [0.58–0.64] 0.21 (ns)
NA 59% 67% 59% 55% [0.56–0.62] 0.02

4.6. Response Time Analysis Insights

The following figure (Figure 2) displays the average response time taken for each
evaluation task recorded in milliseconds (ms). This work provides an important benchmark
for the operational efficiency and effectiveness of these commercially available LLMs for
use in real-time social media analysis.

 
0 1000 2000 3000 4000 5000 6000 7000

Gpt4o-mini

Gemini 2.0 - Flash

DeepSeek V3

Grok 3-mini

Claude 3.5 Haiku

Figure 2. Average response time (ms) per model.

Gemini 2.0 Flash is the fastest model, averaging around 724.68 ms with response
times close to GPT-4o-mini (827.80 ms), followed by Claude 3.5 Haiku (964.07 ms). These
three models consistently respond in under one second, which makes them ideal for high-
throughput, low-latency applications such as monitoring social media feeds. DeepSeek V3
and Grok 3-mini, respectively, have longer average response times. The average response
time of DeepSeek V3 is approximately 3.7 s. Grok 3-mini is the slowest, with more than 6 s.
Their longer response times suggest that, despite having highly competitive accuracy, their
computation and structure make them weak when implemented in use cases requiring
fast response times. These response times should be considered in conjunction with the
performance as previously discussed. For example, Grok 3-mini frequently performed
better in the sentiment tasks, yet its relatively high response time means it may be in a
compromised speed vs. accuracy trade-off. On the other hand, in fact, Gemini 2.0 Flash
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manages a nice balance between fairly good performance and very fast response times. In
conclusion, for applications that require fast and efficient handling of social media data,
Gemini 2.0 Flash, GPT-4o-mini, and Claude 3.5 Haiku are the most desirable options thanks
to their fast return times. When choosing an LLM for social media analysis, it is important
to find a suitable balance between the accuracy needed by the required algorithm and the
acceptable latency and performance for the exact use case.

4.7. LLM Performance vs. Gemini Pro Models

Moreover, we compared the performance of our selected lightweight large language
models to the heavier and more expensive Gemini Pro variants, evaluating performance
trade-offs in accuracy, response time, and cost of computation. We measured these Pro
models for sentiment analysis, aspect-based sentiment analysis, and emotion analysis tasks.
Overall, Pro models performed well on different sentiment and emotion analysis tasks,
outperforming their lighter competitors. However, their overall superiority was not as
clear as one might have expected. Figure 3 compares the performance of the Pro models
against the best lightweight LLM from each task.
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Figure 3. Pro model comparison vs. best lightweight LLM per task (F1-score performance).

On the ESAD, Gemini 3 Pro achieved the highest F1-score at 0.81, closely followed by
Gemini 2.5 Pro at 0.79. Similarly, in the more complex 6-label EAD, Gemini 3 Pro compared
favorably with all other models, all lightweight, and Gemini 2.5 Pro, attaining an F1-score
of 0.65. Meanwhile, the pro models had also been getting good results in the ML-MSAD,
with the Gemini 3 Pro having 0.63 F1 and the Gemini 2.5 Pro being at 0.62 F1-score, making
them the best in this challenging dataset.

But the comparison also showed cases where the performance gap significantly nar-
rowed, or even reversed, challenging the concept that pro models are always way better.
For the ABSA task, we showed a very high F1-score of 0.63 among Gemini 3 Pro against
Claude 3.5 Haiku, which is a lightweight model with good value for money, proving that a
slightly more moderate model can achieve the same value. In addition, on the ML-EAD,
the lightweight Gemini 2.0 Flash ranked first with an F1-score of 0.80 and outperformed
Gemini 2.5 Pro (0.69 F1-score) and Gemini 3 Pro (0.70 F1-score). This indicates that for
multilingual emotion detection with a constrained label set, highly optimized lightweight
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models like Gemini 2.0 Flash not only match but actively outperform the capabilities of
expensive ‘pro’ models.

Furthermore, our results point to an important trade-off. While “pro” models are typi-
cally able to achieve a higher accuracy with more capabilities, especially under challenging
situations, they come at a higher computational cost—and, in turn, longer response times
(Figure 4). For example, Gemini 2.5 Pro responded on average in 6375.25 ms, while Gemini 3
Pro contributed on average in 8328.5 ms, significantly behind the lightweight-response-time
winner, Gemini 2.0 Flash, which averaged 724.68 ms.

 
0 2000 4000 6000 8000 10,000

Gemini 2.5 Pro

Gemini 3 Pro

Figure 4. Average response time (ms) for “Pro” models.

4.8. Cost Analysis

Cost efficiency is an important key for enterprises in the field of large language
models (LLMs) for highly scalable social media analytics that can be used to foster digital
transformation and minimize costs.

Gemini Pro models come at a higher price than lightweight LLMs. Specifically, the
expense of Gemini 2.5 Pro is $1.25 for input and $10 for output per 1 million tokens, while
the cost of Gemini 3 Pro is $2 for input and $12 for output. As a result, Gemini 3 Pro and
Gemini 2.5 Pro for typical requests (e.g., 1000 input and 500 output tokens) carry an external
cost 25 and 20 times higher than Gemini 2.0 Flash, respectively. Since monitoring social
media requires processing tons of data, these costs add up fast; therefore, such models
could not be used by small/medium businesses. On the other hand, lightweight models
including GPT-4o-mini, Gemini 2.0 Flash, and DeepSeek V3 offer substantially reduced
costs, making it actually affordable for continuous real-time social media analytics.

Although “pro” models can deliver better accuracy in many cases, their high cost,
slow response time, and economic constraints limit their practical application in business
environments. Lightweight LLMs offer advantages, including reduced computational costs,
making them suitable for organizations seeking to make advanced AI-driven social media
analytics more accessible, thereby facilitating digital transformation while optimizing
resource usage.

5. Discussion
In this study, we analyzed the performance of several popular commercial large

language models on sentiment and emotion analysis on social media data and evaluated
their capabilities in different tasks and prompting systems. In particular, our aim was to
compare their performance against real-world tasks that depend on speed, latency, and cost.

5.1. LLM Performance Comparison and Response Times

A comprehensive comparison of the model performances is summarized in Table 15.
While Grok 3-mini frequently achieved the highest accuracy and F1-scores in general
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sentiment analysis tasks, our statistical analysis demonstrates that its performance is not
significantly different from GPT-4o-mini, DeepSeek V3, and Gemini 2.0 Flash. Similarly,
in the aspect-based sentiment analysis task, all evaluated models performed within the
statistical margin of error of one another, despite Claude 3.5 Haiku posting the highest
raw numbers. However, distinct performance gaps emerged in emotion analysis. While
the complex 6-emotion classification task resulted in a multi-model tie, Gemini 2.0 Flash
emerged as the undisputed, statistically significant champion for the constrained 4-emotion
multilingual dataset (ML-EAD).

Table 15. Model performance comparison per task.

Evaluation Task Statistically Significant
Winner (s) Top Raw Performer Reasoning

Sentiment Analysis
Grok 3-mini, GPT-4o-mini,
DeepSeek V3, Gemini 2.0

Flash
Grok 3-mini

Grok 3-mini frequently achieved the
highest raw metrics across English and

multilingual datasets, but statistically ties
with the other top lightweight models.

Aspect-Based Sentiment
Analysis All Models Claude 3.5 Haiku

Claude 3.5 Haiku achieved the highest
raw accuracy and F1-score (63%), but all
evaluated models performed within the
statistical margin of error of one another.

Emotion Analysis

Gemini 2.0 Flash
(4-class)

Statistical Tie
(6-class)

Gemini 2.0 Flash
GPT-4o-mini

Gemini 2.0 Flash is the top performing
model for 4-class multilingual datasets.

The complex 6-class dataset resulted in a
multi-model tie.

Toxic Speech Detection GPT-4o-mini,
Grok 3-mini

GPT-4o-mini,
Grok 3-mini

Both models tied with identical raw
metrics (84% F1). However, GPT-4o-mini
is the definitive operational winner here

due to its drastically lower latency.

Overall Response Time Gemini 2.0 Flash Gemini 2.0 Flash

Stands out as the quickest model with an
average response time of ~724.68 ms,

followed closely by GPT-4o-mini
(~827.80 ms), making them ideal for

real-time dashboards.

For response time efficiency, Gemini 2.0 Flash ranked as the quickest model, with
an average response time of about 724.68 ms, followed by GPT-4o-mini and Claude 3.5
Haiku, which each delivered responses in less than one second. DeepSeek V3 and Grok
3-mini had significantly longer average response times, at about 3688.38 ms and 6014.41 ms,
respectively. This points to a trade-off, where Grok 3-mini models may be better performing
on certain tasks but have higher latency. As a result, model selection should align with the
specific criteria of each application.

5.2. LLM Performance vs. Traditional RoBERTa-Based Models

Compared with legacy RoBERTa-based model classifiers, LLMs were competitive
and, in most cases, performed well, particularly on challenging multilingual data with
manual annotations. In the manually labeled multilingual sentiment analysis dataset, the
traditional RoBERTa classifier did not simply fall into the “middle tier”; rather, it performed
statistically on par with the top-performing lightweight LLMs (Grok 3-mini and DeepSeek
V3). This represents that traditional models are still effective while LLMs provide more
advanced capabilities, especially for multilingual environments that frequently struggle
with finding labeled data.
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5.3. Impact of Different Prompting Techniques

The choice of prompting strategy significantly influenced model performance depend-
ing on the complexity of the task. For straightforward, general sentiment classification
(ESAD), persona-based approaches like Role-Playing and Naming the Assistant proved
most effective for lightweight models. Conversely, Chain-of-Thought (COT) often degraded
performance on these simple tasks. This underperformance aligns with recent literature
suggesting that forcing explicit reasoning steps introduces verbosity that can interfere with
constrained, single-label classification outputs [39]. However, when evaluating the more
complex aspect-based sentiment analysis (ABSA) task using GPT-4o-mini, COT became
the optimal strategy (F1 = 61%), while Naming the Assistant resulted in a statistically
significant performance drop (F1 = 55%, p = 0.02). This performance inversion confirms
the theoretical hypothesis that COT is primarily beneficial for multi-step reasoning tasks,
such as locating a specific entity and isolating its associated sentiment, rather than basic
classification. This critical finding demonstrates that there is no universal prompt template
for social media analytics, highlighting the need for custom prompt engineering to enhance
LLM performance in tailored scenarios.

5.4. Necessity of Data Preprocessing with LLMs

Preprocessing social media text improved mostly slight performance of the models,
mainly for low-performance models like Claude 3.5 Haiku. For top-tier models like Grok
3-mini, GPT-4o-mini, Gemini 2.0 Flash, and DeepSeek V3, noise removal had either no
effect or slightly degraded their metrics. This indicates that LLMs allow powerful language
understanding capabilities and thus that preprocessing steps are minimally impactful,
meaning they can process raw, noisy social media data without much cleaning.

5.5. Performance, Response Time, and Cost Trade-Offs: Lightweight vs. Pro LLMs

Our study compared lighter lightweight LLMs against heavier and more expensive
pro models (Gemini 2.5 Pro and Gemini 3 Pro) on sentiment analysis, aspect-based senti-
ment analysis, and emotion analysis tasks. Pro models tended to perform reasonably well,
frequently outperforming lightweights, but not as well as expected. Specifically, pro models
outperformed lightweight LLMs in sentiment analysis, aspect-based sentiment analysis,
and emotion analysis tasks. But the advantage of this was far from apparent. Gemini 3 Pro
matched Claude 3.5 Haiku in aspect-based sentiment analysis, while lightweight Gemini
2.0 Flash performed better than pro models for multilingual emotion analysis with fewer
categories. Pro models also showed far longer response times and cost approximately
5–25× that of lighter ones. This suggests a higher computing demand on their computa-
tional capability. While pro models have better overall accuracy, lightweight LLMs offer
a compromise in terms of performance, efficiency and price point on the high end for
complex social media workloads.

5.6. Enterprise Deployment

In this research, we illustrate that digital transformation via LLMs is not only about
adopting the most powerful AI but also about selecting the architecture that best fits
into specific organizational workflows. Based on our results, we propose the following
deployment mapping:

• Real-Time Monitoring Dashboards: For continuous ingestion workflows (live brand-
sentiment tracking), Gemini 2.0 Flash is an ideal engine. Due to its sub-second latency,
the data can be visualized without bottlenecking API pipelines;

• Automated Customer Support: When companies automatically route toxic or highly
negative comments to human representatives, GPT-4o-mini is optimal. While it statis-
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tically tied with Grok 3-mini for toxic speech detection accuracy, its drastically lower
latency (~827 ms versus Grok’s ~6014 ms) ensures that customer service workflows
are streamlined without introducing system delays;

• High-Fidelity Sentiment Archiving: For applications where accuracy is vital while
latency is secondary (e.g., end-of-day sentiment aggregation), Grok 3-mini provides
the most reliable general sentiment classification. Organizations can capitalize on its
top-ranking nominal raw metrics (69% accuracy) for general sentiment classification,
making its 6 s response time an acceptable trade-off;

• Batch-processed market research: When tracking specific product features (e.g., weekly
product-aspect reports), Claude 3.5 Haiku is recommended. Although aspect-based
sentiment extraction resulted in a statistical tie across all evaluated models, Claude 3.5
Haiku achieved the highest absolute balanced metrics (63% F1-score), providing the
nuanced data required to inform long-term strategy planning.

By bringing different lightweight models into alignment with these different deploy-
ment scenarios, organizations can deliver on their digital transformation objectives in real
time without losing computational efficiency but with actionable business intelligence.

6. Conclusions
In this study, we evaluated sentiment, emotion, aspect-based sentiment and toxic

speech on real-world, multilingual datasets and showed that lightweight models provide a
very strong, inexpensive replacement for resource-heavy “pro” variants and traditional
classifiers. Crucially, we demonstrated that in specific scenarios, such as multilingual
emotion detection, highly optimized lightweight models like Gemini 2.0 Flash can actually
outperform vastly more expensive ‘pro’ models.

Our analysis highlights critical operational trade-offs among the evaluated models,
showing that while several architectures achieve statistical parity in predictive accuracy,
their execution metrics are quite different. Although Grok 3-mini had the highest nominal
raw metrics for general sentiment analysis and Claude 3.5 Haiku led in raw aspect-based
sentiment metrics, statistical analysis confirms that both tasks resulted in multi-model ties
where these models did not significantly outperform their peers. Consequently, Gemini 2.0
Flash and GPT-4o-mini are the optimal all-round selections for high-throughput enterprise
pipelines. This choice is driven by their highly competitive, top-tier statistical accuracy,
Gemini’s clear victory in constrained multilingual emotion tracking, and their sub-second
execution time (compared with Grok 3-mini’s six-second processing time).

Furthermore, our study into prompt engineering suggests that the approach is task-
dependent rather than generalizable. Persona-based approaches like Role-Playing and
Naming the Assistant optimize straightforward, single-label sentiment classification, but a
complete performance inversion occurs for more complicated tasks such as aspect-based
sentiment analysis, where Chain-of-Thought reasoning is statistically required to guide the
model’s isolating logic.

These results, from a managerial perspective, provide valuable insights for selecting
and running AI-powered social media analytics tools that can help in monitoring public
sentiment dynamically, increase the effectiveness of digital marketing efforts, and proac-
tively mitigate reputational threat risks. Moreover, the demonstrated robustness of these
models across multiple languages is beneficial for global businesses that require inclusive
and market-sensitive insights.

In conclusion, lightweight LLMs are becoming the enablers of operational excellence
and agile decision-making in digital transformation journeys. With businesses increasingly
turning to social data to guide their strategy and operations, investing in effective, accurate,

https://doi.org/10.3390/asi9070145

https://doi.org/10.3390/asi9070145


Appl. Syst. Innov. 2026, 9, 145 20 of 22

and cost-effective AI analytics solutions will be key to driving competitive advantage and
innovation in the digital age.

While this study presented that lightweight LLMs are effective in social media analyt-
ics, there are still some directions for future research. First, future work should explore the
integration of multimodal data. The current study has only been based on text data, but
social media posts often contain text with images, audio, and videos. Second, subsequent
research could expand the multilingual evaluation. The present manually labeled datasets
primarily consist of English, Greek, and Spanish texts. Extending this to more diverse,
low-resource languages is further proof of the global applicability of these models. In
addition, while we were able to assess latency and cost in a structured experimental setup,
testable lightweight models in real-time enterprise dashboards would provide a good case
study of their performance to show that these lightweight models can be successfully
implemented in real-time operations.
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