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Abstract: A critical aspect of Natural Language Processing (NLP) is text processing, 

where text labeling represents the most significant challenge due to its resource-

intensive nature when conducted manually. At this stage, automatic labeling emerges 

as a more practical solution, particularly with the advent of Artificial Intelligence (AI), 

which offers tools to address this obstacle. Grok AI, equipped with a new feature 

operable on Platform X, provides a promising approach. This study aims to leverage 

the Grok AI feature on Platform X for automatic text labeling. The research 

methodology involves labeling text data obtained from a public dataset. To assess the 

quality of the labeling results, an evaluation method employing Naive Bayes 

classification modeling is applied. The findings reveal that Grok AI's performance 

closely approximates that of human labeling. The highest accuracy achieved by Grok 

AI is 51.71% using the k-Nearest Neighbors (k-NN) algorithm, approaching the 

human labeling accuracy of 60.52% with k-NN. Furthermore, Grok AI surpasses the 

performance of VADER labeling, which achieves an accuracy of only 49.49% with 

Naive Bayes. Consequently, the Grok AI feature on Platform X presents a viable 

alternative for the automatic labeling of text data. 
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INTRODUCTION 

Natural language processing, among other areas, has been profoundly affected by the rise of AI (Russel and 

Norvig 2021). NLP, a subfield of AI focused on the interaction between computers and human language, has the 

potential to revolutionize how we interact with technology (Nurwanda, Suarna, and Prihartono 2024). However, a 

significant challenge in NLP research is the manual annotation of text data, a time-consuming and resource-

intensive task (Abro, Talpur, and Jumani 2023; Julianto, Kurniadi, Septiana, et al. 2023; Parlika et al. 2020; Utami 

and Erfina 2021). In recent years, researchers have sought to automate text labeling to mitigate this challenge  

(Ashari 2023; Julianto, Kurniadi, and Jr 2023; Telnoni, Suryatiningsih, and Rosely 2020). These methods aim to 

reduce manual effort by employing machine learning techniques to automatically assign labels to text data 

(Rachmat et al. 2023). 

This research proposes to automated text labeling by leveraging the Grok AI feature on Platform X. Grok AI, 

a powerful AI-powered chatbot, can understand and respond to natural language queries, making it a valuable tool 

for various tasks, including text labeling (Moeis et al. 2024). The proposed approach has the potential to 

significantly accelerate the development of NLP models and applications (Asri et al. 2022). By reducing the time 

and effort required for manual labeling, researchers and developers can focus on building more sophisticated and 

powerful NLP systems (Xiao and Jin 2021). Additionally, the proposed method can be applied to a wide range of 

text-based tasks, such as sentiment analysis, text classification, and chatbot development (Basha et al. 2023). 

Several prior studies have investigated text labeling for sentiment analysis, employing a range of techniques 

but largely overlooking the potential of AI assistants. The first study examined sentiment analysis of the Vidio 

application, utilizing VADER Lexicon and Inset for text labeling (Gaja, Maulana, and Komarudin 2023). It 

reported an accuracy of 90% with Inset and 73% with VADER Lexicon. The second study explored sentiment 

analysis of the PeduliLindungi application, applying VADER Lexicon for data labeling (Illia, Eugenia, and Rutba 

2021), and concluded that VADER’s lexicon-based method, designed for social media, enhanced its effectiveness. 

The third study assessed public sentiment toward electric vehicles, using VADER Lexicon for labeling (Anwar 
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and Permana 2023), finding that 95% of opinions were positive, with 5% negative. The fourth study compared 

VADER Lexicon and Naïve Bayes Classifier for labeling a dataset on public sentiment toward investment 

applications (Amaliah and Nuryana 2022), revealing that Naïve Bayes outperformed VADER Lexicon, achieving 

78% accuracy versus 67%. The fifth study analyzed customer reviews, employing VADER Lexicon for labeling 

(Barik and Misra 2024), and demonstrated an impressive accuracy of 98.64%. To succinctly summarize these 

findings and highlight research gaps, a table is provided, as presented in Figure 1.  

 

 

 

 

 

 

 

 

 

 

 

 

Fig 1. Research Gap 

 

This study is significant due to the scarcity of research exploring AI assistants in text labeling processes. The 

research will utilize the Grok AI for text labeling, comparing their outcomes with those of human/manual labeling 

and labeling performed with VADER. The evaluation will involve two algorithms—K-Nearest Neighbors (K-NN) 

and Naïve Bayes—using K-Fold Cross Validation to assess the effectiveness of each text labeling method. The 

dataset employed is a publicly accessible financial sentiment dataset sourced from Kaggle.com, comprising 499 

data points. 

K-Nearest Neighbors (K-NN) offers several benefits, such as its robustness to noisy training data, rapid 

processing speed, simplicity of comprehension, and suitability for large datasets (Cholil et al. 2021; Julianto, 

Kurniadi, Septiana, et al. 2023). Its effectiveness was evidenced by (Andriana, Hilabi, and Hananto 2023), who 

rated its performance as "Excellent Classification." Naïve Bayes, on the other hand, excels in classification tasks 

due to its proficiency with small datasets, efficiency in parameter selection, and quick execution times (Julianto, 

Kurniadi, and Jr 2023; Pebdika, Herdiana, and Solihudin 2023). Research by (Insan, Hayati, and Nurdiawan 2023) 

rated Naïve Bayes as achieving a "Good Classification" performance. Consequently, K-NN and Naïve Bayes were 

selected as the algorithms for the classification process in this study. 
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METHOD 

The research methodology consists of four phases, depicted in the research framework presented in Figure 2. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig 2.  Research Framework 

 

In The research methodology is divided into four key stages, as outlined below: 

 

The first stage is Data Collection. The data, consisting of 500 manually labeled financial sentiment entries, is 

obtained from Kaggle.com (Kaggle, 2022). 
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The second stage is Text Pre-Processing. Although the dataset from Kaggle.com is already free of noisy and 

redundant data, additional pre-processing steps are applied to evaluate the performance of each labeling model. 

These steps include:   

1. Tokenize: Breaking down sentences into smaller units, or tokens (Prasetya et al. 2021); 

2. Transform Cases : To standardize the text, all existing capital letters will be changed to lowercase. This 

process is implemented to maintain consistent letter casing during the classification model’s 

processing, thereby avoiding potential issues in the tokenization stage (Watori, Aryanti, and Junaidi 

2020); 

3. Filter Token by Length: Restricting words based on minimum and maximum character limits (Julianto 

et al. 2024; Julianto, Kurniadi, and Jr 2023);   

4. Filter Stopword : Removing irrelevant or insignificant words from sentences using a predefined 

stopword list (Sutedi, Julianto, and Fitriani 2024) ;   

5. Stem (Porter): Reducing words to their root forms (Albab, P, and Fawaiq 2023; Hidayat, Cahyana, and 

Julianto 2024);   

6. N-Grams : involves taking an N-character portion from a string, will divide words according to their 

order within a sentence (Khairunnisa, Adiwijaya, and Faraby 2021). 

 

The third stage is Dataset Labeling. This phase involves labeling the dataset using four distinct approaches:   

1. Human Labeling: Manual annotation by individuals;   

2. VADER Lexicon Labeling: Annotation using the VADER Lexicon tool;   

3. Grok AI Labeling: Annotation performed by the Grok AI from X;   

 

The fourth stage is Model Validation. During this phase, the effectiveness of each labeling outcome will be 

evaluated using the K-Nearest Neighbors (K-NN) and Naïve Bayes algorithms, with model validation performed 

through K-Fold Cross Validation. The K-Nearest Neighbors algorithm is commonly applied in classification tasks. 

It operates by categorizing data into classes based on their proximity or similarity to the training data (Pratama, 

Umaidah, and Voutama 2021). The steps of this algorithm include:  

1. Specifying the value of k;  

2. Computing the distance between the data to be classified and the labeled data;  

3. Identifying the k smallest distances;  

4. Assigning a class to the data based on a distance metric. 

The proximity calculation, utilizing a distance matrix, can be expressed with the following formula: 

 𝑑𝑖𝑠𝑡(𝑋1,𝑋2) =  √∑ (𝑥1𝑖 − 𝑥21)𝑛
𝑖=1      (1) 

 

The Naïve Bayes Algorithm, rooted in Bayes’ theorem, is a classification technique that predicts future 

probabilities based on historical patterns (Insan et al. 2023). Its formula is represented as:  

 

𝑃(𝑋|𝑌) =  
𝑃(𝑋|𝑌)𝑃(𝑋)

𝑃(𝑌)
                (2) 

 

The final part of this stage is Evaluation. Here, the accuracy of each model will be measured to identify which 

one delivers the highest performance. 

 

RESULT 

The initial stage yields a dataset sourced from Kaggle.com, comprising 499 entries of manually labeled financial 

sentiment data. This dataset is displayed in tabular format, as illustrated in Table 1. 

 

Table 1. Dataset 

No Sentences Sentiment 

1 The GeoSolutions technology will leverage Benefon 's GPS solutions by providing 

Location Based Search Technology  

Positive 

2 ESI on lows Negative 

3 For the last quarter of 2010  Positive 

4 According to the Finnish-Russian Chamber of Commerce  Neutral 

5 The Swedish buyout firm has sold its remaining 22.4 percent stake  Neutral 

….   

499 You 're not alone  Neutral 
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The second stage produces a dataset prepared for performance assessment, having been processed through Text 

Processing steps such as Tokenize, Transform Cases, Filter Token By Length, Filter Stopword, Stem (Porter) and 

N-Grams. These pre-processing tasks were executed using Altair. The modeling process is depicted in Figure 3. 

 

 
Fig 3. Text Processing 

 

The third phase generates a dataset labeled by humans, VADER, and Grok AI. The human labeling was already 

finalized, as the dataset sourced from Kaggle came pre-labeled manually. VADER-based labeling was carried out 

using Altair, which incorporates the VADER operator. The modeling process is illustrated in Figure 4. 

. 

 

 
Fig 4. Labeling using VADER 

 

This model serves as a specialized operator provided by the Altair framework, incorporating a feature that 

enables the use of VADER for enhanced sentiment analysis. The results derived from this detailed modeling 

process, which leverages both Altair’s functionality and VADER’s capabilities, are visually represented in Figure 

5 for clarity and further interpretation. 

 

Table 2. VADER Modeling Result 

No Sentences Sentiment Score 

1 The GeoSolutions technology will leverage Benefon 's GPS solutions 

by providing Location Based Search Technology  

Positive 0.67 

2 ESI on lows Negative -0.69 

3 For the last quarter of 2010  Positive 0.66 

4 According to the Finnish-Russian Chamber of Commerce  Neutral 0 

5 The Swedish buyout firm has sold its remaining 22.4 percent stake  Neutral 0 

….    

499 You 're not alone  Neutral 0 

 

The outcomes of the labeling process are reflected in the Score attribute, which serves as the basis for 

classification. According to the established criteria, a score greater than or equal to 0.05 is categorized as positive, 

a score less than or equal to -0.05 is deemed negative, and a score of exactly 0 is considered neutral, as outlined 

by (Illia et al. 2021). Analysis of the modeling results reveals a distribution of 239 instances labeled as positive, 

86 as negative, and 174 as neutral, providing a comprehensive breakdown of the dataset’s sentiment composition. 

Subsequently, the next phase of labeling was conducted using Grok AI, with the process executed directly on the 

Grok AI platform for efficiency and accuracy. A detailed illustration of this labeling procedure is provided in 

Figure 6, offering a clear visual representation of the methodology and its outcomes. 
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Fig 6. Labeling using Grok AI 

 

The labeling procedure yielded a total of 151 instances classified as positive, 125 identified as negative, and 

223 designated as neutral as seen in Figure 7, reflecting a balanced yet diverse distribution of sentiment across the 

dataset. During this process, the specific instruction given was, “Please give sentiment from the data. Only Show 

the answer like no 1. Positive, 2 Negative, 3. Neutral etc”, ensuring a straightforward and systematic approach to 

sentiment categorization. This clear directive facilitated consistent labeling, allowing for an accurate assessment 

of the emotional tone within the text, which is critical for subsequent analysis and interpretation of the results. 

 
Fig 7. Sentiment Visualization 

 

In the fourth phase, a comprehensive evaluation is conducted to generate performance metrics tailored to each 

dataset, providing valuable insights into the effectiveness of the applied methods. The modeling efforts were 

executed using Altair, a robust platform that facilitated the implementation of two distinct algorithms: Naïve Bayes 

and K-Nearest Neighbors (K-NN), chosen for their suitability in classification tasks. To ensure the reliability and 

generalizability of the results, validation was carried out through the K-Fold Cross Validation technique, which 

systematically assesses model performance by partitioning the data into multiple subsets for training and testing. 

This meticulous process, encompassing both the modeling and validation steps, is visually detailed in Figure 8, 

offering a clear and structured representation of the methodology and its outcomes for further analysis and 

discussion. 
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Fig 8. Performance Testing Model 

 

The performance evaluation for each dataset is conducted using a consistent methodology, employing identical 

modeling techniques and operators to ensure uniformity across the tests, with the sole variable being the 

substitution of the dataset itself. This standardized approach allows for a fair and reliable comparison of how the 

models perform across different data inputs, isolating the impact of the dataset on the outcomes. The detailed 

results of these model performance tests, which highlight key metrics and insights derived from the analysis, are 

systematically compiled and presented in Table 3, providing a clear and concise overview for review and 

interpretation. 

 

Table 3. Result Performance Test 
No Dataset K-NN Naïve Bayes 

Accuracy Kappa Accuracy Kappa 

1 Labeling (Human) 60.52% 0.205 53.51% -0.012 

2 Labeling (VADER) 48.51% 0.207 49.49% 0.060 

3 Labeling (Grok AI) 51.71% 0.205 48.50% 0.091 

 

DISCUSSION 

 Grok AI leverage sophisticated natural language processing (NLP) techniques to transform textual input into 

a structured, machine-readable format, enabling deeper analysis. Utilizing this processed data, the AI Assistants 

compare the text against patterns they have previously been trained on, drawing from a repository of learned 

linguistic behaviors and structures. The outcome of this comparison serves as the foundation for classifying the 

text’s sentiment, determining whether it conveys a positive, negative, or neutral tone. The key distinction between 

the two AI Assistants lies in their approaches to pattern recognition, which encompasses a blend of language 

models, sentiment lexicons, and contextual understanding. Each assistant adopts a unique strategy for recognizing 

these patterns, significantly influencing the precision with which they assign sentiment labels.  

 Factors such as the complexity of the language model, the comprehensiveness of the sentiment dictionary, and 

the ability to interpret contextual nuances all contribute to these differences in performance. Ultimately, the AI 

Assistant that most closely aligns with or replicates human-labeled sentiment is deemed the superior option, as it 

better mirrors human judgment. In this regard, Grok AI demonstrated a notably higher accuracy rate of 51.71% 

when evaluated using the K-Nearest Neighbors (K-NN) algorithm, a result likely attributable to Grok’s more 

refined and advanced pattern recognition capabilities, which enable it to better discern subtle linguistic and 

emotional cues. 

 

CONCLUSION 

In conclusion, the findings of this study demonstrate that employing alternative labeling approaches through AI 

assistants such as Grok AI from X for sentiment analysis is a viable option, as evidenced by performance test 

outcomes that reveal no substantial disparities when compared to human labeling. Among the methods evaluated, 

human labeling paired with the K-Nearest Neighbor (K-NN) algorithm emerged as the most effective, delivering 

a commendable accuracy of 53.71% and a Kappa statistic of 0.205, indicating a moderate level of agreement 

beyond chance. The primary objective of this research was to assess and compare the efficacy of various labeling 
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techniques, shedding light on their relative strengths and limitations. These results pave the way for future 

investigations, which could focus on refining and boosting the performance metrics achieved here, potentially by 

optimizing the algorithms or incorporating a broader range of AI assistants. Such efforts could further enhance the 

reliability and precision of automated sentiment analysis, bridging the gap between machine-driven and human 

judgment in increasingly sophisticated ways. 

. 
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