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Abstract

Human language comprehension relies on predictive processing; however, the computa-
tional mechanisms underlying this phenomenon remain unclear. This study investigates
these mechanisms using large language models (LLMs), specifically GPT-3.5-turbo and GPT-
4. We conducted a comparison of LLM and human performance on a phrase-completion
task under varying levels of contextual cues (high, medium, and low) as defined using
human performance, thereby enabling direct AI–human comparisons. Our findings indi-
cate that LLMs significantly outperform humans, particularly in medium- and low-context
conditions. While success in medium-context scenarios reflects the efficient utilization of
contextual information, performance in low-context situations—where LLMs achieved
approximately 25% accuracy compared to just 1% for humans—suggests that the models
harness deep linguistic structures beyond mere surface context. This discovery implies
that LLMs may elucidate previously unknown aspects of language architecture. The ability
of LLMs to exploit deep structural regularities and statistical patterns in medium- and
low-predictability contexts offers a novel perspective on the computational architecture of
the human language system.

Keywords: AI; LLM; GPT; language: prediction

1. Introduction
The immediacy of linguistic analysis and the time-sensitive nature of comprehension

indicated by several linguistic theorists (e.g., [1,2]) necessitate anticipatory mechanisms that
operate on multiple timescales, from phonological to discourse levels. Natural language
comprehension is not just decoding linear sequences of syllables and words, one element af-
ter another. It is a dynamic and anticipatory process driven by predictive mechanisms [3–5].
The human brain constantly generates hypotheses about upcoming linguistic elements
based on context, grammatical knowledge, and general and linguistic experience. This
predictive processing is crucial for efficient and fluent comprehension because it allows us
to navigate the complexities of language with surprising speed and accuracy. However,
despite its central role in language understanding, the computational mechanisms underly-
ing these predictive processes remain poorly understood. One of the possible theoretical
frameworks for understanding this process is our activation–verification model of continu-
ous speech processing [6]. This model posits that comprehension involves a continuous
cycle of prediction and verification, where listeners actively generate hypotheses about
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the upcoming words and then evaluate the accuracy of these predictions against incoming
sensory input.

The recent development of artificial intelligence (AI) models, particularly large lan-
guage models (LLMs), provides a new lens through which to investigate these cognitive
processes [7]. Indeed, their success stems from their ability to learn complex statistical
relationships between words and phrases, which enable them to anticipate likely continu-
ations of incomplete sentences and generate coherent and grammatically correct text [8].
LLMs, trained on vast corpora of text and code, exhibit rather high proficiency in tasks
requiring language processing, such as text generation, machine translation, and question
answering. The predictive mechanisms employed through these models provide a modern
opportunity to probe the computational underpinnings of the activation–verification model
in a controlled and systematic way.

By studying the mechanisms driving the predictive capabilities of LLMs, we can
gain insight into the computational principles involved in human predictive processing,
particularly as it relates to the activation–verification cycle [6]. The LLM-based approach
offers another possibility to test complex aspects of statistical pattern recognition, contextual
understanding, and higher-level cognitive processes involved in language comprehension.

The present study investigates the predictive abilities of modern LLMs within the
specific context of phrase completion [9], which is at the basis of the computational archi-
tecture of human language prediction. While we recognize important distinctions between
artificial and biological language systems—particularly in their underlying mechanisms—
behavioral parallels between LLM predictions and human performance are possible. By
comparing LLM and human responses across controlled sentence contexts, we aim to shed
new light on both the computational principles underlying human prediction and the
emergent capabilities of artificial language systems.

We investigate GPT-3.5-turbo and GPT-4, two state-of-the-art large language models
(LLMs) developed using OpenAI. Their architecture is based on transformer networks
and allows them to capture complex contextual information and generate highly coherent
and grammatically correct text. The evolution from GPT-3.5-turbo to GPT-4 represents
a substantial increase in computational mechanisms, model size, and training data. By
comparing their results, we can evaluate the influence of these factors on predictive capacity.
In addition to cognitive exploration, understanding the predictive capabilities of LLMs like
GPT-3.5-turbo and GPT-4 can serve to advance the field of natural language processing and
develop more sophisticated and human-like AI systems, as well as understand their role in
human–machine interaction and co-action. Our study, therefore, contributes not only to
our understanding of human language comprehension but also to the development of AI
language models and their implementations.

Literature Overview

Though research on the generations of LLMs discussed here started only recently, this
research can already teach us about the previously unknown ways of processing human
language and its capacity. While LLMs are fundamentally rooted in human language,
research into the latest generations of these models reveals not only human-like but also
distinctly non-human traits. This offers new insights into how language operates and
expands our understanding of its potential. Both GPT-3.5 and the more advanced GPT-4
model achieved higher accuracy than human participants in processing pragmatic aspects
of language, particularly when interpreting contextual cues and implied meanings [10].
LLMs, such as GPT-4, are capable of closely mimicking human-like analyses in areas like
sentiment assessment and political bias detection. However, when it comes to gauging
the depth of emotional intensity, human insight remains indispensable [11]. Interestingly,
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LLMs handle backward text with the same efficiency as forward text, in contrast to humans,
who find reversed linguistic input challenging. This suggests that LLMs rely more on
statistical patterns rather than sequential understanding [12]. The alignment between
model and human representations of lexical concepts weakens as it moves from non-
sensorimotor to sensory domains, reaching its lowest point in motor-related areas. However,
models that incorporate visual learning show greater similarity to human representations
in dimensions tied to visual processing [13]. Human participants consistently perform well
when labeling complex sentences but struggle with simpler ones, while LLMs exhibit the
opposite trend [14].

2. Materials and Methods
This study employed a Python-based automatic and computational approach to

evaluate the accuracy of AI-driven phrase completion using large language models (LLMs):
GPT-3.5-turbo developed by OpenAI located in San Francisco, CA, USA and GPT-4 version
also developed by OpenAI based in San Francisco, CA, USA.. The methodology involved a
multi-stage process, detailed below.

2.1. Data Acquisition and Preparation

Two datasets were utilized: a corpus of complete phrases from [9] and a corresponding
corpus of incomplete phrases. Both corpora were stored in Microsoft Word (.docx) files.
These corpora were preprocessed to extract relevant information using the docx library. A
custom Python function parsed each document, identifying the phrase type (high, medium,
or low contextual predictability of a word), the complete phrase text, and its frequency
of occurrence. This information was stored in separate lists for subsequent processing
using Pandas 2.2.2 dataframes. The incomplete phrase corpus provided the input for the
prediction task.

Predictability classification in types was based on the literature [9]. Phrases with high
contextual predictability had 65–100% (mean 91%) of correct human guesses, phrases with
medium predictability had 7–49% (mean 20%), and phrases with low predictability had
0–5% (mean 1%) of human guesses. This study utilized 216 critical words consisting of
nouns, verbs, and adjectives, embedded in sentence frames with three levels of semantic
constraint, as determined via a cloze probability norming procedure. These sentences
were categorized into high-cloze (mean completion rate = 91%, SD = 7%), moderate-
cloze (mean = 20%, SD = 7%), and low-cloze (mean = 1%, SD = 1%) conditions based on
participant responses, for example:

High: “Her vision is terrible, and she has to wear glasses in class”.
Moderate: “She looks very different when she has to wear glasses in class”.
Low: “Her mother was adamant that she had to wear glasses in class”.
Each critical word appeared in the same position across its three sentence variants,

with an average position of the 10th word (SD = 1.4). The sentence frames shared between
one and five words immediately preceding the critical word (averaging two words), while
maintaining identical wording for two to five words following the critical word (“in class”
in the example sentences).

For the norming procedure, cloze probability data were collected by presenting par-
ticipants with sentence fragments truncated before the critical word (e.g., “The web was
spun by the. . .”). Participants provided the first word that came to mind to complete each
sentence. The norming study involved an average of 90 participants per sentence frame,
with sample sizes ranging from 88 to 93 respondents per item. This methodology ensured
robust normative data for establishing the three levels of semantic constraint used in the
experimental design.



Informatics 2025, 12, 83 4 of 10

Human participants were American English speakers recruited through the online
crowd-sourcing platform, Mechanical Turk. The protocol was approved by the Tufts
University Social, Behavioral, and Educational Research Institutional Review Board, and
all participants provided informed consent.

2.2. AI Model Interaction

This study used the capabilities of OpenAI’s GPT-3.5-turbo and GPT-4 LLMs, accessed
via the OpenAI library in Python. An API connection was established to allow seamless
interaction with these models. We implemented a standardized prompt- engineering ap-
proach to ensure direct comparability between LLMs’ predictions and human responses in
our phrase-completion task. The exact prompt structure we used was: “Provide a keyword
for this phrase: {incomplete_phrase}”. This zero-shot prompt design was deliberately cho-
sen to mirror the experimental conditions of the human cloze task, where participants saw
sentence fragments and provided single-word completions without additional context or
examples. All API requests included appropriate authentication credentials. Error-handling
mechanisms, using try-except blocks, were implemented to ensure robust operation. Re-
quests were structured as prompts requesting keyword predictions for each incomplete
phrase. The time library was used to introduce delays between API requests to avoid
exceeding rate limits. A custom Python function managed the interaction with the chosen
LLM. For each incomplete phrase, a prompt was submitted to LLM, and the generated
keywords were extracted. A counter was initialized for each incomplete phrase to track
successful predictions.

2.3. Iterative Prediction and Evaluation

The prediction process was iterated a pre-defined number of times. In each iteration,
every incomplete phrase from the list was processed. Each phrase was randomly presented
30 times (comprising 10 unique iterations repeated 3 times to accommodate OpenAI
API limitations), matching the typical sample size of 30 participants in human behavioral
studies. The generated keywords for each phrase were compared against the corresponding
complete phrase from the complete phrase list. A successful prediction was recorded if
any of the generated keywords were substrings of the complete phrase, as identified using
regular expressions. After each iteration, the generated keywords and match counts were
stored in Pandas DataFrames.

2.4. Performance Metrics and Results

After all iterations had been completed, the success rate for each incomplete phrase
was calculated as the number of successful predictions divided by the total number of
iterations. The results were presented in two tables created using Pandas DataFrames.
The first table displayed the predictability type, the original incomplete phrase, and the
corresponding success rate. The second table summarizes the average success rate for each
predictability type across all iterations.

Software and Libraries

The script was implemented using Python 3 and utilized the following libraries:
openai, docx, re, time, json, and pandas. Appropriate error handling was implemented
throughout the script to ensure robustness.

2.5. Statistical Analysis

Statistical analysis employed a mixed-effects linear model using the Lmer function
in R 4.4.2, a common approach for analyzing data with repeated measures. The model
investigated the effects of ‘Source’ (AI vs. human) and ‘Type’ (high, medium, and low



Informatics 2025, 12, 83 5 of 10

predictability) on the frequency of successful word predictions (‘Freq’). The model included
a random intercept for ‘Word’ to account for the fact that multiple predictions were made
for each word across different phrases.

A Type II Wald chi-square test was performed to assess the overall significance of
the fixed effects (Source, Type, and their interaction Source:Type) in the model. This test
determines whether each factor significantly contributes to the variation in the response
variable (Freq). Since the analysis indicated significant effects for Source and the interaction
Source:Type, pairwise comparisons were conducted to further investigate differences
between AI and human predictions at each predictability level (high, medium, and low).
These post hoc tests were carried out using the glht function in R, which performs multiple
comparisons adjusting for family-wise error rate using a single-step method, analogous to
Tukey’s method. This approach ensures that reported p-values control for the increased
chance of type I errors (false positives) when conducting multiple comparisons.

3. Results
The results of this study demonstrated a significant impact of both the source of

the phrase completion (AI vs. human) and the predictability level of the phrase on the
frequency of successful predictions. There were highly significant effects (p < 2.2 × 10−16

for GPT-3.5-turbo and GPT4) for both Source and Type (predictability level), indicating
that both factors independently influence prediction frequency. The significant interaction
effect (Source:Type, p = 4.232 × 10−12 for GPT-3.5-turbo and p = 7.655 × 10−10 for GPT-4)
further highlighted that the effect of the source differs across predictability levels (GPT-4:
25.8% low-context vs. 1% human; 44.3% moderate-context vs. 20.3% human; 96.8% high-
context vs. 91.1% human, and GPT-3.5-turbo: 16.9% low-context vs. 1% human; 37.6%
moderate-context vs. 20.3% human; 89.8% high-context vs. 91.1% human).

Post hoc analysis using pairwise comparisons within each predictability level re-
vealed substantial differences in prediction frequency between AI and human completions
(Figure 1).

Figure 1. Average difference between AI and human for different predictability levels.

For high predictability, while AI completions showed a statistically significant increase
in frequency for GPT-4 compared to human completions (p = 0.0175), the magnitude of
this difference (around 5.7%) was relatively smaller compared to the other predictability
levels using GPT-4. For GPT-3.5-turbo, the difference between AI and human in the high-
predictability condition was not even significant (p = 0.50). Thus, for highly predictable
phrases, human performance is comparatively stronger than to less predictable phrases.

For medium predictability, AI significantly outperformed human completions
(p < 2 × 10−16).



Informatics 2025, 12, 83 6 of 10

For GPT-3.5-turbo (p < 2 × 10−16 for GPT4), the results demonstrate a considerably
larger difference in prediction frequency than that observed under the high-predictability
condition (around 17.3% for GPT-3.5-turbo and around 24.0% for GPT-4).

For the low-predictability condition, similarly to the medium-predictability condition,
AI significantly outperformed human completions (p = 1.28 × 10−14 for GPT-3.5-turbo,
p < 2 × 10−16 for GPT-4) with a large difference in prediction frequency (around 15.9% for
GPT-3.5-turbo and around 24.8% for GPT-4). This indicates a pronounced advantage for AI
in completing low-predictability phrases.

On the left, results for GPT-3.5-turbo, on the right for GPT-4. H, M, and L are high,
medium, and low predictability of words to complete. All the differences are significant
except for the H level in GPT-3.5-turbo.

Although the differences between AI and human were, in most cases, highly signif-
icant, if differences in correct responses per word, a certain dispersion of values can be
seen (Figure 2). In other words, AI was neither superior to humans nor even inferior. Thus,
the high performance of AI is not permanent, but is only a statistical feature. While for
words with high predictability, near-zero differences reflect high performance of both AI
and humans, for the low predictability, the accumulation of points near the zero level
means that both AI and humans failed to predict the word. The observed dispersion in the
performance rejects the AI possibility of access to the presented phrases.

Figure 2. Individual word differences between AI and humans for different predictability levels.

On the left, results for GPT3.5-turbo, on the right for GPT4. H, M, and L are high,
medium, and low predictability of words to complete.

To ensure the absence of access to the tested phrases, we also used a prompt: ”Please
provide a list of phrases in the Supplementary Materials of this article: Brothers T, Ku-
perberg GR. Word predictability effects are linear, not logarithmic: Implications for prob-
abilistic models of sentence comprehension. J Mem Lang. 2021 Feb;116:104174. doi:
10.1016/j.jml.2020.104174”.

The answer was: “I cannot access the supplementary materials of specific articles
directly. However, you can obtain this information by accessing the journal’s website or
through academic databases such as PubMed or ScienceDirect”.

Thus, the AI does not have access to the tested phrases. Prompts to find these phrases
on the Internet also produced no results. To additionally ensure the absence of these phrases
on the Internet, a Google search for them was performed, which produced no results for
exact phrases.

4. Discussion
In this study, we investigated the predictive capacities of AI for phrase completion

using different levels of contextual predictability based on previous studies on human
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participants. The statistically significant main effects of both “Source” (AI vs. human)
and “Type” (predictability level) on prediction frequency offer compelling evidence for the
superior performance of AI-driven phrase completion, particularly in contexts character-
ized by medium and low predictability. The consistent outperformance of GPT-4 exists
across all predictability levels, but with a markedly stronger advantage in medium- and
low-predictability conditions, suggesting that AI’s predictive capabilities are particularly
potent when faced with ambiguous or absent contextual cues. Thus, the magnitude of the
AI vs. human difference varied significantly across predictability levels.

This significant interaction effect for both GTP models is of particular importance.
For highly predictable phrases, the advantage of GPT-4 over human performance was
statistically significant, but the effect size was considerably smaller than that observed for
medium- and low-predictability phrases. GPT-3.5-turbo failed to outperform humans for
the high-predictability level. This suggests that for phrases with strong contextual clues,
human linguistic expertise can provide reasonably accurate completions from [9]. AI’s
strength lies in its ability to leverage vast amounts of training data to identify patterns
and generate predictions even in the absence of such clear cues. The difference between
humans and AI is likely due to the nature of human language processing, which often relies
on implicit knowledge and world experience to make predictions, while AI algorithms
are primarily data-driven. Human language processing may be efficient mostly for highly
predictable phrases due to the utilization of experience-based cognitive strategies and
pre-existing knowledge.

However, there are no contextual cues or patterns in the phrases with low predictabil-
ity; many words are possible in such phrases depending on the life situation. Among
humans, more than half of such phrases had zero guesses. The superior performance of AI
under low-predictability conditions raises a question about the underlying mechanisms of
such context-independent predictive capabilities. AI models, particularly large language
models such as GPT-3.5-turbo and GPT-4 employed in this study, are trained on massive
datasets of text and code [8]. This extensive training allows them to learn complex statis-
tical relationships between words and phrases. During training, the model is exposed to
sequences of words, called tokens, and learns to predict the next word in a sequence based
on the preceding context. For example, in masked language modeling, the missing token
should be predicted using the context [15]. Within the context, semantic knowledge should
be integrated with syntactic structure for producing and comprehending language [16].
Additionally, pragmatic analysis also depends on context [17]. The transformer architecture
in LLMs [18] uses a specific mechanism called self-attention, which allows the model to
focus on relevant parts of a sentence when interpreting it. It is important that the intelligent
capacity of LLMs is achieved not through explicit rule-based programming but through
emergent properties. These novel properties emerge in neural networks after exposure
to vast corpora of text [8]. The complexity, being sometimes beyond human cognitive
abilities, however, may be captured using LLMs and allow them to generate highly prob-
able completions even when immediate contextual cues are limited or absent. Also, the
ability to capture inaccessible to humans subtle statistical regularities may be another key
factor driving AI’s success in unpredictable situations. In the situation of low-contextual
cues, human intuition alone may be less reliable than statistical dependencies learned by
LLMs. Furthermore, AI algorithms are not constrained by limitations of working memory
or processing speed in the same way as humans. This may enable them to consider a
wider range of possibilities when making predictions. Understanding this novel level
of contextual cues, which is barely accessible to humans, may be used to enhance their
perception through education and to develop more efficient strategies for language learning
in humans, both first and second languages. With respect to the activation–verification
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model [6], one can suggest that AI may generate a large set of possible predictions in paral-
lel (corresponding to the parallel stream of processing in the model), but these predictions
are verified against high-level statistic properties of language instead of the real sequence
of phrase (the sequential stream of the model).

The superior performance of LLMs in low-constraint contexts reveals fundamental
differences between artificial and biological systems process language. While humans
rely heavily on local syntactic structures and real-world experience to generate predic-
tions [1–5], transformer-based models use their unique capacity to identify subtle statistical
relationships across vast textual contexts [7]. This capability stems from their self-attention
mechanisms [18], which simultaneously evaluate all possible word relationships within
a given context window, allowing them to detect patterns that would require implausi-
ble cognitive effort for human readers. These findings suggest that human prediction
may be more constrained by working memory limitations and cognitive economy than
previously recognized.

The models’ extensive training on diverse corpora provides both advantages and
limitations in linguistic prediction. While this exposure enables the recognition of rare but
valid word associations beyond human experience, it also creates prediction patterns that
may diverge from natural human responses. Our results show this most clearly in low-
constraint sentences, where models generate plausible but unconventional completions that
humans would rarely produce. This tension between statistical optimality and human-like
intuition points to important considerations for developing language technologies that aim
to complement, rather than simply surpass human capabilities, particularly in applications
requiring natural communication.

This AI–human difference in cognitive styles may suggest the potential for synergistic
collaboration between AI and human experts in the completion of corrupted messages,
translation, and other difficult linguistic tasks. According to our evidence, while humans
excel at utilizing contextual understanding and implicit knowledge for highly predictable
phrases, AI excels at pattern recognition and prediction, especially in more ambiguous
situations. Thus, one can predict that a hybrid approach that takes advantage of the
strengths of AI and human intelligence could potentially achieve even higher accuracy and
efficiency. Future research could explore the development of such collaborative systems, in
which AI provides initial predictions that are then refined and validated by human experts.
In particular, this system would allow for a more accurate and efficient way to complete
phrases with varying levels of predictability.

Another perspective for future studies would be to investigate the generalizability of
these findings to differently structured phrases in different languages. Exploring different
AI models and comparing their performance in this task, like we did in our approach,
but including more known factors about the model mechanisms, would also enhance the
scope and significance of the findings. Investigating different prompt engineering tech-
niques, which can modify the LLM responses, could also provide a further improvement to
the results.

The superior performance of LLMs in low-context scenarios observed in our study
also raises some ethical considerations regarding potential biases in model predictions.
When contextual cues are minimal, LLMs may rely more heavily on statistical patterns from
their training data, which could inadvertently amplify societal biases or generate inappro-
priate completions. This risk is particularly salient in applications like automated content
generation or decision-support systems, where low-context predictions might propagate
harmful stereotypes. Our findings suggest the need for robust bias-mitigation strategies
when deploying LLMs in real-world scenarios with limited contextual information.



Informatics 2025, 12, 83 9 of 10

While LLMs demonstrate strong capabilities in low-context situations, there remain
opportunities to improve their performance in high-context scenarios by better incorporat-
ing pragmatic knowledge. Current models occasionally generate technically correct but
pragmatically unlikely completions when contextual constraints are strong, indicating a
gap between statistical pattern recognition and human-like understanding of situational ap-
propriateness. Future research could explore hybrid approaches that combine the statistical
strengths of LLMs with structured knowledge bases of pragmatic norms, potentially lead-
ing to more human-aligned predictions in context-rich environments. These improvements
would be particularly valuable for applications requiring nuanced language understanding,
such as dialogue systems or contextual translation.

The implications of this research extend beyond the narrow scope of phrase com-
pletion. The ability to accurately predict missing words is highly beneficial for a wide
range of natural language processing applications, including machine translation, speech
recognition, and text summarization. The findings presented here suggest that AI-driven
approaches offer a promising path for significant improvements in the accuracy and effi-
ciency of these applications, particularly in scenarios where the input data are incomplete
or ambiguous. Further research focusing on the integration of AI and human expertise,
the refinement of predictability assessment methods, and the exploration of diverse AI
architectures will be essential to unlock the full potential of AI. The development of more
robust and efficient algorithms will have significant implications for numerous applications
across different fields.

Limitations and Future Directions

While this study provides insights into comparative language prediction mechanisms,
several limitations should be acknowledged. The exclusive focus on English-language
stimuli means the findings may not generalize to other languages with different syntac-
tic structures or predictability patterns. Considering our prompt engineering approach,
alternative interaction methods might produce different results. In addition, the API-
based testing environment imposed practical constraints that differ from human testing
conditions, i.e., regarding response timing.

Extending this paradigm to other languages would help determine whether the ob-
served human–LLM differences represent universal or language-specific phenomena. De-
veloping hybrid prediction systems that combine human contextual sensitivity with LLM
pattern-recognition capabilities could demonstrate the complementary strengths suggested
by our results. Systematic investigation across different model architectures and training
regimes could clarify how specific design choices affect predictive performance.

5. Conclusions
Our findings demonstrate that LLMs outperform humans in predicting words within

medium- and low-constraint sentences, while achieving comparable performance to hu-
mans in high-constraint contexts. The results suggest that LLMs utilize statistical patterns
beyond human recognition capabilities, particularly in situations with weak contextual
cues. This highlights fundamental differences in language processing between humans and
LLMs: while humans rely on experiential knowledge, LLMs depend on data-driven pattern
detection. These distinct approaches indicate potential synergies in human–AI language
systems. Future research should investigate cross-linguistic applications and develop
hybrid methods that combine human intuition with AI’s statistical processing power.
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