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Abstract. Lexicon annotation is a critical yet time-consuming task that can hold 

back the progress of language-intensive projects. This paper explores the 

potential of Large Language Models (LLMs) to automate lexicon annotation, 

traditionally performed by humans. We present a proof of concept by evaluating 

ChatGPT's performance on annotating VADER's sentiment lexicon. Our findings 

demonstrate that ChatGPT achieves fair performance in this task, suggesting that 

LLMs can operate as a valuable tool for initial annotations, with subsequent 

refinements by domain specialists. This approach could significantly accelerate 

lexicon development and maintenance while balancing efficiency and accuracy. 

Our study provides insights into the capabilities and limitations of LLMs in 

lexicon annotation, leading the way for further research in automating linguistic 

resources development. 
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1 Introduction 

Lexicon annotation is a fundamental task in Natural Language Processing (NLP) that 

involves assigning sentiment scores or polarity labels (e.g., positive, negative, neutral) 

to words or phrases. These annotated lexicons serve as valuable resources for various 

NLP applications, including sentiment analysis, opinion mining, and text classification. 

The importance of lexicon annotation is underscored by its widespread use in sentiment 

analysis tools like VADER (Valence Aware Dictionary and sEntiment Reasoner). 

VADER, a lexicon-based model, relies on a pre-defined lexicon of words with 

associated sentiment scores to determine the overall sentiment of a text. However, 

manually creating and maintaining such lexicons consumes many resources and can 

lead to inconsistencies. This time-consuming and resource-intensive process often 

hinders the progress of language-intensive projects. Finding efficient alternatives is 

crucial for advancing NLP research and applications. 
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The concept of lexicon annotation is not new and has been explored in various contexts. 

In (Krista et al., 2013), the use of crowd-sourcing platforms like Amazon Mechanical 

Turk is examined to gather sentiment annotations from multiple human annotators. 

However, this approach can be costly and may still suffer from subjectivity issues.  

The use of LLMs like ChatGPT represents a novel and promising direction in lexicon 

annotation, as it leverages the vast knowledge and language understanding capabilities 

of these models to automate a task that has traditionally relied on human judgment. 

Using LLMs for lexicon annotation is of paramount importance in advancing this field 

of research. Lexicon annotation is a fundamental task in NLP. However, as mentioned, 

it is a labor-intensive and time-consuming process when done manually. LLMs, with 

their ability to process and understand vast amounts of textual data, offer a promising 

solution to automate and streamline this task. By leveraging LLMs, researchers and 

practitioners can significantly reduce the time and effort required for lexicon 

annotation, enabling them to create more comprehensive and up-to-date lexicons. This, 

in turn, can lead to improved performance in various NLP applications, such as 

sentiment analysis, opinion mining, and text classification. Furthermore, the use of 

LLMs can help to mitigate the potential for human bias in annotation, ensuring greater 

consistency and objectivity in the resulting lexicons. 

Considering modern sentiment analysis, it is possible to suggest that there are currently 

two widely used implementations with similar performance, as shown in the table 1: 

VADER (Hutto and Gilbert,2014) and BERT (Devlin et al., 2018); the former being 

lexicon-based and the latter a transformer model. Currently, ChatGPT is being 

considered for annotation (Gilardi et al., 2023; Huang et al.,2023) and other NLP tasks 

(Qin et al., 2023), which would, for example, allow VADER to improve its performance 

by expanding and updating its lexicon. 

As a point of reference, in 2014 COVID was not yet a negative word for the public, and 

there was no King Charles III. However, there is no economically efficient way of 

both checking the sentiment of words already in the lexicon and expanding the lexicon 

with new words. In this sense, to the extent that ChatGPT (or LLMs in general) provides 

reasonable performance, annotation could be done on a large scale, possibly involving 

a few specialists for performing adjustments. 

The objective of this paper is to evaluate the use of ChatGPT for annotating sentiment 

lexicons. The VADER’s lexicon is considered for case study. The aim of this paper is 

not to settle the question, but to provide a proof of concept that enable the discussion 

of the potential of such an approach to address the issues presented. In this sense, where 

they provide useful insights, qualitative evaluations are included, even if based on small 

data sets. Python modules used are: pandas, numpy, scipy, sklearn, and matplotlib. 

 

Table 1 - VADER (V) and BERT (B) comparison for sentiment analysis. Ref.: (1) (Majidpour and Al-Barznji, 

2022); (2) (Nair et al., 2021); (3) (Xie et al., 2023); (4) (Waterman, 2022); and (5) (Fontes et al., 

2023). 

Ref. 
Accuracy Recall Precision F1 

V B V B V B V B 

(1) 0.75 0.72 0.74 0.71 0.75 0.72 0.75 0.71 

(2) 0.88 ‘.92 0.94 0.93 0.90 0.94 0.92 0.88 
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(3) 0.55 0.70 0.49 0.65 - - 0.51 0.67 

(4) 0.39 0.39 0.39 0.39 0.41 0.42 0.51 0.53 

(5) 0.78 0.90 0.78 0.99 0.77 0.81 0.78 0.89 

µ 0.67 0.73 0.67 0.73 0.71 0.72 0.69 0.74 

∆ 0.06 0.06 0.01 0.05 

2 Annotating VADER’s Lexicon 

The VADER lexicon is a set of words collected from Twitter and manually annotated 

by ten raters using a Likert scale ranging from extremely negative −4 to extremely 

positive +4 (Hutto and Gilbert, 2014). Each word in the lexicon is composed by the ten 

ratings, together with these ratings mean and standard deviation. Only the mean value 

is actually used to calculate the sentiment. VADER’s lexicon has 14 repeated words 

which are removed, leaving only the first value; misspelled words, emoticons, etc. 

which are left as they are. To assess ChatGPT’s ability to annotate sentiments, a sample 

of 367 words from VADER’s lexicon is queried (the lexicon’s “population” is 7503, so 

confidence is 0.95 and error is 0.05). Note that ChatGPT allows variation in its output 

(the heat of the model cannot be changed). Then, to reproduce the methodology used 

on VADER, ten generation rounds are run (see prompt 1), each on a single, new chat 

session to avoid the context window; then their mean and standard deviation are 

calculated. For reference, a PCA analysis of the generations against the mean shows 

that the value becomes negligible after the ninth generation (number of adopters for the 

next experiments). Also, the comparison with a random number gives a low p-value for 

both the VADER and ChatGPT generations, which shows that they are not random 

sequences. 

Prompt 1 Classify the words sentiments score using the following model: [extremely negative = 

-4, very negative = -3, moderately negative = -2, slightly negative = -1, neutral = 0,076 slightly 

positive = 1, moderately positive = 2, very positive = 3, extremely positive = 4] Provide the 

results in a word comma format. Provide the resulting vertical list only with the words and 

scores. No descriptions. 

Table 2 - Data Excerpt (ChatGPT) 

 

 

 

 

 

For an illustration, table 2 presents an excerpt of ChatGPT and random results 

compared to VADER. Refer to figures 1a and 1b for a dot-plot visualization of data; 

also, figure 1c shows a comparison including the standard deviation. 

 

word ChatGPT VADER Random 

pityingly -1.0 -1.0 -0.6 

poisoned -3.2 -2.2 0.3 

poisoners -3.2 -3.1 0.9 

poverty -2.7 -2.3 0.6 
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The mean distance of ChatGPT’s results from VADER’s is of −0.078 ± 0.874, the of 

metrics can be found in table 3 (this table summarizes the results of the efforts still to 

be presented in the paper). Since the error is of about 1, it is possible to say that 

ChatGPT may not being able of differentiating fine-grained sentiment scale such as 

moderately and slightly but, also that error margin that could also be found on a 

different annotation of VADER’s lexicon (the average standard deviation in VADER 

is 0.921), thus, ChatGPT shown a possible result. 

Table 3- Summary Table. Legend, see (Kunapuli, 2023): P. means prompt; Difference is the mean difference 

of target and generation; MAE means mean absolute error; and MSE means mean squared error. 

Data P. Difference MAE MSE R2 

random  −0.277 ± 1.847 1.634 3.684 −0.281 
Ordered 1 −0.078 ± 0.874 0.715 0.768 0.733 
Shuffled 1 −0.039 ± 0.812 0.660 0.659 0.771 
Shuffled 2 −0.019 ± 0.914 0.684 0.834 0.710 
Shuffled 3 0.002 ± 0.781 0.616 0.608 0.789 

 

In addition, ChatGPT accurately identify the polarities. There were 22 out of 367 words 

(c) Excerpt of Ordered dataset, prompt 1 (n=50). 

 

Figure 1 - Data visualization. 

 

(a) VADER, baseline. (b) Ordered dataset, prompt 1. 
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(≈ 6%) situations where ChatGPT output inverted the polarity presented in VADER, 

see table 4a for an excerpt. Consider the word tricking, asking ChatGPT to produce a 

sentence with it, outputs: 

She was wary of his smooth talk, fearing he might be tricking her into believing 
his false promises.             (i) 

Note that when the word is scored out of context, as it was, humans may refer to the 

lemma of the word, where trick is certainly slightly positive, but its inflection such as 

tricking is often used in a deceptive context, resulting in a negative semantics. Then 

it is possible to suggest that ChatGPT scored this word better than the human 

annotators.  

There are also issues related to the pragmatics (Qiu et al., 2023). As can be seen in 

table 2, the words poisoned and poisoners received the same score from ChatGPT, 

while the second is rated worse by humans. This is due to this word being close in the 

embedding space, whose pragmatics scapes ChatGPT. Consider then table 4b, since 

all these words are close to each other in the embedding space, ChatGPT scores them 

with the same value (a slight difference is seen by requesting ChatGPT to use a 

continuous scale). This is suggesting that the sequence of words might be defining the 

context used by the ChatGPT to scoring the words.  

A subtlety to be noticed is the “straight line” on the −2 value in figure 1b, for an 

excerpt see table 5a. VADER’s lexicon is lexicographically ordered, given the 

attention window, this reinforces the claim that the order of the words are defining 

the context, then driving the result. 

By shuffling the data set (Lew, 2023) and following the same procedure as before, it 

is obtained a slight variation, see table 5a yet the “straight lines” increased, see figure 

5b, and the average error de- creased, see table 3. This drives the discussion to the 

prompt. 

 

Table 4 – Data Excerpts 

word ChatGPT Vader  word Discrete ChatGPT Vader 

robing 0.6 -1.5  poison -3 -3.2 -2.5 
Startling -0.7 0.3  poisoned -3 -3.4 -2.2 

toughies 0.2 -0.6  poisoner -3 -3.1 -2.7 

tricking -2.0 0.1  poisoners 3 -3.2 -3.1 
whitewash -1.4 0.1  poisoning 3 -3.3 -2.8 

grossular 0.0 -0.3  poisonings 3 -3.4 -2.4 

supremacy -1.1 0.2  poisonous 3 -3.0 -2.7 
sillibub 1.0 -0.1  poisonously 3 -3.2 -2.9 

<: -0.9 2.1  poisons 3 -3.1 -2.7 

 

Roughly, the transformer is trained to identify embeddings that usually follow a 

sequence of embeddings. Then, given a sequence of embeddings as input, with each 

token serving as a context for the others, it reweights the embeddings of these tokens 

(a) Data Excerpt of words with Inverted 

Polarities. 

(b) ChatGPT´s output of similar words (single 

generation). 
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(Jurafsky and Martin, 2023). This in turn helps to determine the semantics of these 

tokens and to calibrate the probability of the next one. The idea is then to ask ChatGPT 

to make a sentence using the word to guide the scoring context, resulting in prompt 2 

(the shuffled dataset was used). 

Prompt 2 Create a different sentence for each word. Then classify the word sentiments score 

using the following model: [extremely negative=-4, very negative=-3, moderately negative=-2, 

slightly negative=-1, neutral=0, slightly positive=1, moderately positive=2, very positive=3, 

extremely positive=4]. Provide the results in a word comma format. Pretty print the result in the 

format [sentence, word, scores]. No descriptions, no brackets. 

 

Table 5 - The “straight line” issue 

word O. V. S. 

smuggles -2.0 -1.7 -2.0 

sobs -2.0 -2.5 -2.1 

trickers -2.0 -1.4 -1.8 

tricking -2.0 0.1 -1.7 

weary -2.0 -1.1 -2.0 

insipid -2.0 -2.0 -2.0 

obsessively -2.0 -0.4 -2.0 

paranoids -2.0 -1.6 -2.0  

 

As a result, the visualization improved, see figure 2a, but the error increased, see table 

3. This indicates that these “straight lines” are not necessarily a problem. ChatGPT 

produced repeated sentences, but in not a significative amount. Also, it refused to 

generated sentences to blacklisted words, such as molesters, in the first run. 

2.1 Experiments 

Finally, another explainability effort (Deldjoo, 2023) has to be made in order to 

understand the output. In this sense, a series of experiments are carried out, but on a 

very small sample (n = 6) and with a single generation. The intention is to build an 

intuition about the behaviour of ChatGPT. The experiments are divided into two parts. 

The first aims to understand how the Likert scale actually participates in the prompt 1 

and the second to understand the meaning of the numbers (the experiments are all 

variations upon prompt 1). The first set of experiments are:  

 

1. replace the scale by the interval (−4.0..4.0) 

2. replace the previous interval by (1.0..9.0) 

3. replace the previous interval by (9.0..1.0)  

4. replace the previous interval by (A..I) 

(a) Data on the “straight line” (at −2) from the 

figure 1c. Legend: O. means ordered; V. 

VADER and S. Shuffled. 

(b) ChatGPT’s generation of shuffled 

data using prompt 1. The “straight lines” 

can be seen on −3, −2, 2 and 3. 

file:///C:/Users/mfsr/Downloads/AIM4WATER.docx%23_bookmark1
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The result of the first set of experiments is shown in the table 6. As can be seen, the 

model behaves correctly in experiments #1 and #2, but loses reference in experiments 

#3 and #4. This suggests that the scoring is based on associating negative scores with 

lower numbers. If the order is reversed or replaced by letters, the coherence of the model 

cannot be observed. 

 

Table 6 - Prompt Scrutiny I (expected variation, ±1) 

word Vader ChatGPT 
Experiments 

#1 #2 #3 #4 

pityingly -1.0 -1.0 -2.5 -2.5 (3.5) -2.5 (7.5) 3.0 (H) 

thrilling 2.1 3.0 3.5 3.2 (8.2) -4.0 (9.0) 0.0 (E) 

poisoned -2.2 -3.2 -3.5 -3.8 (2.8) 2.0 (3.0) 2.0 (G) 

assure 1.4 1.8 2.0 1.7 (6.7) -3.5 (8.5) -3.0 (B) 

discards -1.0 -2.0 -1.5 -1.1 (4.1) 3.0 (2.0) -1.0 (D) 

challenge 0.3 1.0 1.5 2.3 (7.3) -1.5 (6.5) -2.0 (C) 

 

The second part of the experiments are:   

 

5. remove the word “sentiment” 

6. replace the word “classify” by “score” 

7. replace “score” related words by “classify” 

8. include the word “sentiment” by “classify” 

9. replace the word “sentiment” by the scale 

 

The result of the second set of experiments is  shown in the table 7. As can be seen, 

removing the word “sentiment” and using the word “score”, the numbers are coherent, 

but replacing “score” with “classify”, the model tags each word with a number. A 

tentative explanation is therefore that the scoring word, whose embedding space is 

related to numbers, associates the words with the numbers, with words of negative 

valence being associated with lower numbers. Asking to classify “sentiment” had no 

apparent effect. Asking for classification based on a Likert scale made the model work 

properly. 

The output of experiment #9 seems to be the most controlled output. An additional 

evaluation, following the same procedure as the previous one, using prompt 3 with 

shuffled data is then worth- while. Again, the number of “straight lines” in- creased, 

see figure 2b, while the average error de- creased, see table 3. It is not clear why the 

model produces these lines, perhaps it is a regressive nature of the classification. 

Nevertheless, it shows that the prompt 3 produces more stable results than the previous 

one. As it also produced the lower average error, it can be considered as a baseline 

prompt to compare with in future work. For com- parison, a data extract from VADER, 

prompt 2 and prompt 3 is shown in figure 2c. 

 

Prompt 3 Classify the words using the following model [extremely negative=-4, very negative=-

3, moderately negative=-2, slightly negative=-1, neutral=0, slightly positive=1, moderately 
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positive=2, very positive=3, extremely positive=4]. Provide the results in a word comma format. 

Provide the resulting vertical list only with the words and classification numbers. No 

descriptions. 

 

Table 7 - Prompt Scrutiny II (expected variation, ±1) 

word VADER ChatGPT 
Experiments  

#5 #6 #7 #8 #9 

pityingly -1.0 -1.0 2.0 -3.0 -2.0 2.5 -1.0 

thrilling 2.1 3.0 3.5 2.5 4.0 3.8 3.0 

poisoned -2.2 -3.2 -3.0 -2.7 -4.0 -3.2 -3.0 

assure 1.4 1.8 2.5 1.8 3.0 2.0 2.0 

discards -1.0 -2.0 -1.5 -1.5 2.0 -1.5 -2.0 

challenge 0.3 1.0 2.0 3.2 1.0 2.7 2.0 

 

 

(a) Shuffled dataset, prompt 2         (b) Shuffled dataset, prompt 3 

(c) Excerpt of Shuffled dataset, prompt 2 and 3 (n=50. 

 

Figure 2 - Data visualization. 

file:///C:/Users/mfsr/Downloads/AIM4WATER.docx%23_bookmark8
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3 Results and final remarks 

 

The developed work shows that ChatGPT can be used as a productivity tool for 

annotating sentiment lexicons, as far as it receives a final adjustment from a specialist. 

The justification for this approach is that, given the results presented in the table 1, it 

may not be necessary to use an LLM for most tasks. However, training, running and 

storing these models has a high environmental footprint (Mok, 2023; Li et al., 2023; 

Maslej et al., 2023), VADER’s footprint is comparatively negligible (Lannelongue et 

al., 2021). However, keeping VADER’s lexicon up to date has not only economic costs, 

but also the social costs inherent in crowd working (Casleret al., 2013; Moreschi et al., 

2020). This can then be seen as a compromise solution.  

On starting this paper, a major concern was whether the numbers delivered by ChatGPT 

are random. The several endeavours performed in this paper shown that they are 

coherent. Another one is the impact of the prompt. Data shown that the prompt pushes 

the model to suitable or unsuitable contexts, then prompt design is an art that needs to 

be mastered. Note also that this paper performed a daring endeavour either by not 

seeking for broad grained classification and all prompts used are zero-shot learning 

(Zhang et al., 2023).  

Note that response bias in Likert scales is a known fact (Van Vaerenbergh and Thomas, 

2013). One of these phenomena is “straightlining” (Schonlau and Toepoel, 2015) as 

described in the paper. 

As a limitation, this paper evaluates a single lexicon (VADER) against a single LLM 

(ChatGPT). The evaluation sample used in VADER is not significant, but also 

subjective. So not a gold standard. ChatGPT is a proprietary tool with unknown inner 

workings in a constantly changing setup. Reproducibility in chatGPT is constrained by 

these issues. No particular risks, other than those associated with VADER and 

ChatGPT, see (Marcondeset al., 2024), could be identified for this work. It took about 

120 runs in ChatGPT. 

4 Conclusions 

This work bridges the gap between traditional lexicon-based approaches and cutting-

edge AI technologies, potentially offering a new paradigm for lexicon development and 

maintenance. It provides a rigorous, quantitative assessment of ChatGPT's annotation 

capabilities, comparing it directly with the well-established VADER lexicon. This 

empirical approach offers valuable insights into the strengths and limitations of LLMs 

in fine-grained sentiment scoring tasks. 

Through detailed experimentation with various prompts and scoring scales, this work 

contributes significant methodological insights for effectively leveraging LLMs in NLP 

tasks. This exploration of prompt engineering is particularly valuable given the growing 

importance of LLMs in AI research. A critical challenge in sentiment analysis is also 

adressed: maintaining the computational efficiency of lexicon-based methods while 
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improving accuracy and adaptability. It presents a potential middle ground between 

resource-intensive deep learning models and static lexicons. 

As a conclusion, it might be said that ChatGPT competently annotated the sample of 

VADER’s lexicon. As presented in the paper, there are situations where ChatGPT 

provided a better annotation and others when humans provided a better annotation. 

Therefore, ChatGPT can be used as a productivity tool for annotating sentiment 

lexicons, as far as it receives a final adjustment from a specialist. 

 

This work has been supported by FCT - Fundação para a Ciência e Tecnologia within the 

R&D Units Project Scope: UIDB/00319/2020. 
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