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ABSTRACT 

With the rise of large language models (LLM), there has been deemed a possible 

alternative to human participants in many scientific domains, including linguistic 

studies, the cloze study. Cloze probability is used to inform researchers as to how 

predictable a word is within a certain sentential context. It is a common tool in 

linguistic studies to understand language production and processing. Previous 

studies (e.g., Jacobs et al., 2022; Lopes Rego et al., 2024) have compared LLM 

performance with traditional cloze studies and their results are promising. 

Nonetheless, these studies were done in English. Hence, we would like to know 

LLM performance in the Portuguese language. Here, we compared results from 

a traditional cloze study with two LLM, such as: Grevásio (Santos et al., 2024) 

and Tucano (Corrêa et al., 2024) then performed a correlation analysis to 

investigate their performance. The results show a moderate and weak correlation 

between the cloze probability from human participants and the LLMs. These 

results highlight the gap between human performance and LLM, specifically in 

cloze probability. 
 

 
RESUMO 

O uso de grandes modelos de linguagem (LLMs) possibilita obter dados que 

podem imitar respostas humanas devido à sua capacidade de produzir respostas 

parecidas com as humanas. Nos estudos, notamos um número crescente de 

estudos usando esses métodos, porque eles proporcionam vantagens de tempo 

e financeiras, permitindo que investigadores obtenham respostas mais 

rapidamente do que recolhendo dados com participantes humanos. Essa 
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tendência também é evidente no domínio linguístico; uma forma de usar LLMs é 

para estimar a probabilidade de cloze. No entanto, estudos anteriores que 

argumentam que as respostas dos LLMs podem servir como alternativa às 

respostas humanas foram realizados principalmente em inglês. Ainda sabemos 

pouco sobre se essa descoberta também se aplica ao português. Portanto, este 

estudo tem como objetivo examinar se as respostas dos LLMs são comparáveis 

às produzidas pelos humanos. Os resultados mostram que ainda existe uma 

diferença entre o desempenho humano e o dos LLMs. 
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INTRODUCTION 
 
The growing interest in understanding language prediction is accompanied by the increased need 

for cloze norming study as it gives us information about the predictability of a word within a sentence. 

Traditionally, this norming study requires participants to complete a sentence (e.g., “The students 

are studying hard because tomorrow they will have an ___ “). It measures the predictability of a target 

word based on the sentential context. The cloze probability is obtained by calculating the proportion 

of participants’ word responses for each sentence. However, with the advancement of the large 

language model (LLM), we observe the shift towards LLM as an alternative. Some researchers 

argued that LLM is comparable to human response and can be used to understand human cognition 

(Hu et al., 2022, 2024). However, this idea is still debatable, as those who oppose it argue that LLMs 

use different mechanisms and it is premature to use them to understand human cognition (Katzir, 

2023; Leivada; Dentella; Günther, 2024). 

Despite these debates, researchers still try to use LLM to understand linguistic processing. For 

instance, it has been used for linguistic tasks such as cloze norming study (Jacobs et al., 2022; Lopes 

Rego; Snell; Meeter, 2024). In a traditional cloze norming study we need to collect human participant 

data, which takes time and sometimes we also need to provide financial compensation for 

participants. In short, this traditional method is time-consuming and costly. On the other hand, LLM 

enables us to obtain data efficiently and faster. LLM allows us to skip this data collection step 

because the cloze probability is calculated through the tokenization of sub-words of each word in a 

sentence. Therefore, LLM could be deemed as a promising alternative to the traditional cloze 

norming study.  

To make sure that LLM could provide a good word probability, there have been studies that 

compare cloze norming studies with LLM (e.g., Jacobs et al., 2022; Lopes Rego; Snell; Meeter, 2024) 

and the results showed that they are indeed comparable. For instance, Lopes Rego, Snell and Meeter 

(2024), compared the traditional cloze norming study with cloze results from LLMs such as GPT-2 

and Llama to investigate the reading models such as OB-1 reader (Snell et al., 2018). Their study 

showed that LLMs’ results are more accurate in predicting human eye movement towards the 

anticipated words than the traditional cloze study. These studies seem to suggest that it is indeed 

promising to use LLM as an alternative to traditional cloze study. Nonetheless, we need to be 

cautious with the possibility of overfitting from LLM. 

Looking at how LLM is comparable to traditional cloze study, we are interested to know if this is 

also applied in European Portuguese because most of the previous studies were done in English. So, 

this study aims to see if cloze probability from LLMs is comparable to Portuguese human cloze 

probability. For this purpose, we used cloze norming datasets from Aristia et al. (submitted) and for 

the LLMs we used two Portuguese text generation models such as Grevásio (Santos et al., 2024) 
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and Tucano (Corrêa et al., 2024). These were the most recent openly accessible text generation 

models we could find. 

 

 

1. METHODS 

1.1. CLOZE NORMING STUDY 

 

The data were taken from cloze norming studies in Aristia et al. (submitted) wherein they were 

adapted from the sentence pool in Frade et al. (2022). Aristia et al. (submitted) conducted two cloze 

studies; the first study was to get the probability of the article in each sentence and the second to 

get the probability of the noun. In this present study, we only used 117 sentences that were used in 

their experiment and were obtained from the second cloze study. The average age of the 

participants is 27.69 years old (age range: 20-50 years old). There were 45 female participants from 

125 participants. 

 
1.2 CLOZE PROBABILITY WITH LLM 

 

For the LLMs, we used Grevásio (Santos et al., 2024) and Tucano (Corrêa et al., 2024). Grevásio is 

an open-source trained decoder model from the LLaMA family. This model was trained with a 

supervised fine-tuning method wherein the dataset was labelled. The dataset was from GLUE and 

SuperGLUE that were machine translated into European Portuguese. The other model that we used 

here is Tucano, a Transformer-based model that is pre-trained in Portuguese. Nonetheless, here we 

used the supervised fine-tuning model of Tucano, which is called Tucano-2b4-Instruct. It is trained 

with several datasets such as the Portuguese version of 1 million GPT4, Orca word math problems 

(Mitra et al., 2024) in Portuguese, and the Aira dataset (Corrêa, 2024). Nonetheless, Tucano, unlike 

Grevásio, was trained not only in European Portuguese but also in Brazilian Portuguese. 

Further, to obtain the target word’s probability from the LLM, we adapted the code from GPT-

2-for-Psycholinguistic-Applications developed by Samer Nour Eddine which allows us to use LLM 

for the Portuguese language. The sentences were parsed into sub-word tokens and each word 

position was marked. The cloze probability of each word was obtained by calculating the conditional 

probabilities of each word's sub-word token.  
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Figure 1. Average Cloze probability from the Cloze norming study, Grevásio PT and Tucano BR. The bar reflects the standard error 

(SE). 

 

 

2. RESULTS 

2.1. CLOZE PROBABILITY  

2.1.1. CLOZE NORMING STUDY WITH PARTICIPANTS 

 

The average cloze probability of the sentences was .73 (range= .41 - 1, SD = .17), depicted in Figure 1. 

 
2.1.2. CLOZE OBTAINED THROUGH LLM 

 

The average target word probability (see Figure 1) from Grevásio was .23 (range = 7.79E-08 - .99, 

SD = .32), and Tucano was .24 (range = 8.55E-05 - .85, SD = .19).  

 
2.2. DATA SIMILARITY ANALYSIS 

 

Figure 1 illustrates the distribution of the data. To verify the similarity between the distributions of 

data obtained from human participants and LLM distance analysis using Jensen-Shannon method 

(Cha, 2007) was performed. To run this analysis the ‘philentropy’ package (Drost, 2018) in R (R Core 

Team, 2000) was used. The results showed that the LLM data of both Grevásio (p<.001) and Tucano 

(p<.001) was significantly different from the traditional cloze study using human participants. 

 
2.3. CORRELATION ANALYSIS 

 

To investigate if there are correlations between traditional cloze study and LLMs, we conducted 

Spearman correlation (Wissler, 1905) in R (R Core Team, 2000). It is a non-parametric test that looks 
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at a monotonic relationship, which is less restrictive than assuming linearity in the data. It also 

determines the strength and direction of this observed correlation. Through this analysis, we found 

that Tucano performed better than Grevásio when their results were compared with the traditional 

cloze study. We observed significant and weak positive correlation (See Figure 2) between the word 

probability from traditional cloze study with Grevásio, r(115) = .25, p =.007, 95%CI [.10, .45]; and, 

moderate significant correlation with Tucano, r(115) = .36, p < .001, 95%CI [.19, .51]. These confidence 

intervals (CI) were obtained through the bootstrapping technique, which is a method that can 

estimate the uncertainty in the data through random resampling, without assuming normal 

distribution in the data. We can see in Figure 3 that the correlation values for both Grevásio and 

Tucano fall within the CI range. Although their values were overlapping, Tucano performed slightly 

better than Grevásio as the lowerband of the CI was higher for Tucano. 

 

 

Figure 2. Plots depicting correlation between word probability from cloze study. a.) Correlation between participants’ data and 

Grevásio; b.) Correlation between participants’ data and Tucano. 
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Figure 3. Bootstrapping distribution of Spearman correlation analysis. The dashed line depicts the 95% confidence interval (CI) 

from each model, blue for Grevásio and red for Tucano, while the solid line depicts the mean correlation of each model. For 

Grevásio, the CI is between .10 and .45. For Grevásio, the CI for Spearman is between .19 and .51. 

3. DISCUSSION 
 

The purpose of this study is to see if LLMs can be used as an alternative to traditional Cloze studies. 

Visually, in Figure 1, we can see that there are huge differences between the distribution of cloze 

probability obtained by human participants versus those using LLMs. This observation is confirmed 

by the similarity analysis wherein the cloze probabilities obtained through LLM are significantly 

different from the human participants data. Despite that, the statistical results show there are 

significant correlations between them. Nonetheless, it needs to be noted that they are not strongly 

correlated as seen in Figure 2. This indicates that for the Portuguese language, the LLMs are not yet 

ready to be used as an alternative to traditional cloze study with human participants.  

Differences in the mean probability between the cloze probability from human participants and 

LLM, as seen in Figure 1, and weak to moderate correlations in Figure 2, are in line with the findings 

of Jacobs et al. (2024). They conducted four experiments comparing the cloze study from Peelle et 

al. (2020) with three LLMs: GPT-2 (Radford et al., 2019), RoBERTa (Liu et al., 2019), and Pythia 

(Biderman et al., 2023). In the first experiment, they compared probabilities from the cloze study 

with the model probabilities and they found no linearity in the correlation. In the second experiment, 

they used the rank of probable responses from both the cloze study and LLM, and again the results 

showed weak correlation between them. In the third experiment, they aimed to assess if the model 

training affects the fitting to the human data. In the fourth experiment, they conducted a clustering 

analysis to evaluate the semantic production of humans and LLM. In short, their first two studies 

focused on showing differences between human cloze probability and LLM.  

LLM calculates the probability between words in a sentence differently, that is why we could 

observe differences between data from the human participant data and LLM in the present study. 

Günther and Cassani (2025) argued that LLM uses probability between tokens to predict the 

upcoming words. Therefore, in a sentence completion task like a cloze study, LLM tends to use a 

frequent word that may be less grammatical, or a less probable word that may be more grammatical 

(Katzir, 2023). For instance, Katzir (2023) showed that to continue a sentence such as: “The little duck 

that met the horses with the blue spots yesterday __”, the GPT model preferred to use ‘are’ rather than 

‘destroys’ as a continuation of this sentence. On the other hand, human participants are able to make 

grammatical sentences with a less probable word because they can make use of the sentential 

context. In the same vein, Cai et al. (2023) study also showed that LLMs do not really rely on context 

to resolve syntactic ambiguity in a sentence as it relies more on sub-word tokens. Another possible 

reason for these weak correlations is perhaps due to the way the LLMs are fine-tuned, as they tend 

to perform well on the task related to their fine-tuning focus (Denning; Snefjella; Blank, 2025). 



 cadernos.abralin.org 
 

 

 

 

DOI 10.25189/2675-4916.2026.V7.N2.ID865    Cad. Linguíst., Campinas, V. 7, N. 2, 2026: 865  

 

8 de 10 

Nevertheless, the weak to moderate correlation between human participants' cloze probability 

and LLMs could also be interpreted to indicate that there is a possibility to use them as 

complementary data with human participants instead of an alternative. Caution not to use LLM as 

an alternative also comes from a recent Event-Related-Potentials (ERP) study (Arkhipova et al., 

2025). ERP is a common method in psycho/neurolinguistics studies that investigate linguistic 

information that is used by the brain during language comprehension.  

Apart from that, in the future, it is not impossible to use LLM as an alternative to human data. 

To achieve this, improvements are needed. For instance, additional data training and fine-tuning in 

Portuguese text is needed, specifically with cloze task. Also, Portuguese variance need to be taken 

into account, for instance there are differences in the word choice between Brazilian Portuguese and 

European Portuguese. Thus, taking this into account will increase the accuracy of LLM.  

 

 

4. CONCLUSION 
 

All in all, this study is an early attempt to compare traditional cloze study using human participants 

with Portuguese LLM. Portuguese LLM has not yet achieved the same level of performance in 

traditional cloze tests as in English. Nevertheless, it did show a similar trend as seen in the 

correlation results, wherein we observed there is an increase of LLM probability for words with 

higher cloze probability and particularly more stable and promising results from Tucano than 

Grevásio. Hence, it is favorable to recommend LLM as complementary data with human 

participants’ data rather than as a replacement and it needs to be kept in mind that LLM computes 

words’ probability differently than human. To enhance human-like performance of LLM, further 

studies and improvements are required. 
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