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Abstract
Understanding human cognitive processes for reasoning is a key step towards developing human-level AI
reasoning systems. Syllogistic reasoning — a classical form of deductive reasoning — is a well-established
paradigm for investigating human reasoning, known to elicit systematic cognitive biases such as belief bias and
atmosphere effects. In this study, we compare the reasoning patterns of humans and three state-of-the-art Large
Language Models (LLMs), namely GPT-4, GPT-4o and o4-mini, across multiple syllogism types with belief and
atmosphere effects. Using an online questionnaire, we examine the biases in human syllogistic reasoning and
compare this with the LLMs responses. We identify biases and differences in accuracy between different LLMs
and humans. Belief-inconsistent statements, which contradict generally accepted common knowledge, and the
atmosphere effect impact human and LLM answers. Our results show that, although LLMs outperform human
participants, they exhibit human-like cognitive effects. We further evaluate the new reasoning model o4-mini,
which performs nearly perfectly on the syllogism reasoning tasks and compare logic, human reasoning and LLM
reasoning.
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1. Introduction

The advancements of LLMs have garnered significant attention in recent years, particularly following
the launch of OpenAI’s ChatGPT. LLMs strive to emulate human-like interactions [1]. These skills
encompass not only language comprehension but also logical reasoning, which is fundamental to
human cognition [2, 3, 4]. Reasoning abilities are vital for structured arguments and deriving valid
conclusions. Many real-world applications of LLMs, such as legal reasoning [5, 6], medical diagnostics
[7], and automated decision-making [8], rely on the ability to process logical arguments accurately.
Furthermore, a recent study has shown that university students have high confidence in using LLM tools
for problem-solving and logical reasoning [9]. While studies showcased LLMs’ theoretical reasoning
capacities on abstract logical problems, they do not entirely capture their practical utility in real-life
applications where context drastically affects outcomes [10]. The extent to which LLMs can perform
logical reasoning and make their reasoning transparent and understandable to users is still unclear
[11]. Our goal is, therefore, to evaluate the current status of LLM reasoning abilities in comparison to
human reasoning and provide hints for future directions. Another important aspect that strengthens
the need for more efficient LLMs with enhanced reasoning abilities is that models could achieve better
performance with less data and fewer computations, leading to more sustainable AI practices with
lower energy consumption and environmental impact. Hence, it is a crucial aspect of assessing the
abilities of LLMs [12, 13, 14].

Logical reasoning has a long history, dating back to Aristotle, and has been extensively researched [12,
15]. There are various types of reasoning that have been studied so far, e.g., commonsense reasoning
[16, 17]. Another fundamental component of logical reasoning are syllogisms, which have modeled
human intelligence in philosophy since Aristotle [18]. Logical deductive reasoning abilities, e.g., solving
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syllogisms, are known to be a good measure of an individual’s general cognitive ability and well-
studied for human reasoning [18]. A syllogism represents a precise form of argumentation where two
propositions (the premises) are systematically analyzed to establish a conclusive statement [12, 14, 19],
as shown in Example 1:

Example 1. Syllogism [19]:
Premise 1: All humans are mortal.
Premise 2: Socrates is a human.
Conclusion: Socrates is mortal.

Syllogistic reasoning is regarded as a natural form of reasoning, i.e., humans naturally tend to
conclude patterns similar to syllogisms [12]. Nonetheless, syllogisms fall in the realm of formal logic,
which adheres to stringent formal rules and can pose challenges even for trained people [20]. A wide
range of research already exists on syllogistic reasoning and show that people tend to have certain
biases while reasoning syllogistically [3, 21] (cf. Section 2.2). As LLMs are trained using human data,
this raises the question of whether LLMs exhibit similar biases as humans [21]. Even though syllogistic
reasoning in LLMs has been researched in recent years, mostly different aspects have been considered,
such as the investigation of extended syllogisms instead of traditional ones or the focus on negations.
Extended syllogisms have either a boolean inference where conjunctions ”and” and ”or” appear between
terms or premises are a conditional sentence of the form ”If 𝑃 then 𝑄”, where 𝑃 or 𝑄 can be a negated
sentence [12].

In our study, we analyze traditional syllogisms that include belief and atmosphere effects with
different LLMs, including a recently released reasoning LLM and compare these results to a human
study. In literature, a direct comparison with human reasoning is rarely drawn [12, 13, 14, 22]. We
build on previous research [12, 23] and compares different LLMs: GPT-4 [1], GPT-4o [24] and o4-mini
[25]. The comparison focuses on three types of syllogisms: belief-consistent, belief-inconsistent, and
symbolic. Syllogisms in which the premises and the conclusion correspond to generally accepted
common knowledge are called belief-consistent, cf. Example 1 [12]. Accordingly, belief-inconsistent
statements contradict common knowledge, such as “All humans are robots.” [12]. In the symbolic type,
the syllogisms contain only letters instead of concrete known terms [12]. In these types, humans exhibit
different biases [21]. Another bias, namely the atmosphere effect, will be examined more closely as
well [12, 15].

This work uses examples from the NeuBAROCO dataset [12] to examine how the logical reasoning of
LLMs differs from that of humans. This comparison is conducted on the one hand through queries to
GPT-4, GPT-4o, and o4-mini, and on the other hand through an online questionnaire for humans. The
key contributions of this paper are:

• GPT-4, GPT-4o, and o4-mini are evaluated on a variety of syllogistic reasoning tasks, including
belief-consistent, belief-inconsistent, and symbolic syllogisms.

• A human study is conducted to compare human reasoning with LLM reasoning and to assess
cognitive biases such as the atmosphere effect, providing insight into similarities between human
and LLM syllogistic reasoning.

• Formal logic, LLM reasoning, and human reasoning are compared to identify current differences
and outline future research directions.

The paper is structured as follows: First, Section 2 takes a closer look at the theoretical background.
This includes an introduction to syllogistic reasoning and LLMs. Furthermore, previous research is
discussed in more detail in Section 3, and we derive the research questions in Section 4. Section 5 is
dedicated to the methodology. It discusses the selection of the dataset, the questionnaire structure, the
implementation of the experiment with the LLMs, and the evaluation methodology. Then, we present
and discuss the questionnaire results and the experiment (Section 6) and compare the different types of
reasoning (Section 7). Finally, Section 8 concludes the work and provides an outlook.



2. Background

2.1. Syllogistic Reasoning

Syllogisms consist of three assertions: the major premise, the minor premise and the conclusion (see
Example 2).

Example 2. Syllogism:
Premise 1: Some A are B.
Premise 2: All B are C.
Conclusion: Some A are C.

Each assertion relates two categories, with each category representing a set of individuals or objects.
Like Aristotle, we call the category that appears in both premises middle term [3]. In Example 2,
category B is the middle term. Both other categories appear together in the conclusion and are called
end terms [3, 26]. Depending on the arrangement of the three categories, i.e., middle term and end
terms in the premises and the conclusion, this results in so-called figures [3, 20]. Table 1 shows the four
possible figures.

Figure 1 Figure 2 Figure 3 Figure 4
A - B B - A A - B B - A
B - C C - B C - B B - C
A - C A - C A - C A - C

Table 1
The four syllogistic figures (adapted from: [3, p. 3])

The three syllogistic assertions can take four different forms, these are called mood or mode, and
vowels have been assigned to the traditional moods [27, 28]. The moods are distinguished by the
quantifiers “all” (A), “none” (E), “some” (I), and “some...not” (O), which are each marked with vowels.
However, these four quantifiers are only the traditional quantifiers. Various studies have also used
syllogisms with quantifiers such as “most” or “few”, but extensions of the traditional four moods also
exist [29, 20]. In [20], for example, a fifth mood U is described, which serves as an extension of the
moods A and I. A means the classical universal quantifier and therefore also implies I (if the domain is
not empty). On the other hand, the extended mood U starts here by stating: “some, but not all...” [20, p.
4].

Two of the four traditional moods are universal, and two are particular. Similarly, two are affirmative,
and two are negative [3]. Table 2 shows examples of this, with the vowels assigned directly to the
moods:

All A are B. affirmative universal (abbreviated as “A”)
Some A are B. affirmative particular (abbreviated as “I”)
No A are B. negative universal (abbreviated as “E”)
Some A are not B. negative particular (abbreviated as “O”)

Table 2
Syllogistic moods (adapted from: [3, p. 5])

Based on the quantifiers used in the premises and the conclusion, the mood of the whole syllogism
can be expressed by a sequence of three vowels [26]. In Example 2, the mood is IAI. Each premise and
conclusion can take one of the four moods, and depending on the arrangement of the categories, the
syllogism corresponds to one of the four figures. This results in 256 possible syllogisms [27, 26]. From
the point of view of psychologists, though, this number doubles to 512 syllogisms when also considering
that the premises can be arranged in different orders [26, 3, 20]. In classical logic, the conjunction
(AND-operator) is commutative, which means that 𝐴∧𝐵 is equivalent to 𝐵 ∧𝐴 [19]. Therefore, the order
of the premises is not relevant in logic [19]. Psychologists believe that the order affects human reasoning,
as the presentation of premises can influence how humans process and interpret information [26, 30].



A syllogism is considered (logically) valid if the conclusion logically follows from the premises. This
means that if the premises are true, the conclusion must also be true. A syllogism is invalid if the
conclusion does not logically follow from the premises, even if the premises and conclusion might
separately be true. Note that validity is determined by the form and structure here, not by the actual
content or truth of the assertions involved.

2.2. Human Biases

Research on syllogistic reasoning has shown that human thinking is often influenced by various biases.
Humans can be influenced by different aspects, such as content and mood, or assumptions that mislead
them [3, 26]. Well-known examples of biases are: conversion errors where the reversal of an assertion
mistakenly is considered equivalent with the original version, e.g., “All A are B.” and “All B are A.”
[31]; figural effects where the preferred arrangement of the assertions is essential; content effects where
the content and thus the believability of the assertions influence humans; atmosphere effect where the
general mood of the assertions influences the acceptance of the conclusion [3, 12, 21]. In this work, the
atmosphere and content effects are considered more deeply. These two biases show how information is
processed, both in terms of the content assumptions and the structure of the premises, which is why
they are appropriate for comparing the thought processes of humans and LLMs.

2.2.1. Content Effects

As the name suggests, content effects concern the content of a syllogism [32]. Numerous studies have
demonstrated that the content of a logical task influences how people respond. For example, humans
tend to regard a conclusion as formally valid if it is consistent with their knowledge [21, 33]. This form
of the content effect is called belief bias [12, 21]. An example of this, which was examined in more
detail by [34]:

Example 3. Syllogism:
Premise 1: All flowers have petals.
Premise 2: All roses have petals.
Conclusion: All roses are flowers.

Even if the content of the syllogism is belief-consistent, it may still not be formally valid. Nevertheless,
humans tend to recognize the example as valid [34]. Conversely, it is also more difficult for people
to draw valid conclusions if a syllogism does not correspond to their knowledge [21]. In research
studies, assertions are therefore divided into two groups: belief-consistent and belief-inconsistent [32]
(sometimes called believable or congruent and unbelievable or incongruent, respectively). Syllogisms
are described as belief-consistent if the content of all three assertions corresponds to the commonsense
beliefs of humans. Belief-inconsistent assertions, conversely, do not correspond to common sense
or are contrary to human acceptance [12]. However, it is essential to note that it is sufficient for
only one of the three assertions to be belief-inconsistent for the entire syllogism to be considered
belief-inconsistent [12]. Belief biases are often examined in connection with the acceptance of formally
valid or invalid syllogisms [32, 34]. Table 3 presents examples of such an examination.

The purpose of experiments with syllogisms, such as those in Table 3 is to determine the extent
to which human belief can lead to bias [32]. Content effects are not only related to belief but also
include effects that arise in connection with content in general [32]. In observations that concentrate
on formal logical correctness, symbolic categories are often used for assertions, as shown in Example 2.
A symbolic assertion (also known as abstract) means that the categories are replaced by numbers or
letters so that they no longer have any reference to real knowledge [12]. At latest since the famous
Wason selection task [35], it is well-known that it makes a significant difference whether people have
to solve an abstract reasoning task or a concrete task with concrete categories. Other forms that have
been used to evaluate content effects are, for example, fantasy words or arbitrarily realistically selected
content, where the content has no relation to knowledge [32, 21].



belief-consistent

valid
P1 All friends of Paul are German.
P2 All friends of Taro are friends of Paul.
C All of Taro’s friends are German.

invalid
P1 Every sparrow is a bird.
P2 No stone is a sparrow.
C No bird is a stone.

belief-inconsistent

valid
P1 All tomatoes are plants.
P2 Some animals are tomatos.
C Some animals are plants.

invalid
P1 All metals are liquids.
P2 Some metals are stones.
C All stones are liquid.

Table 3
Examples of the four types of syllogism from the NeuBAROCO dataset [12].

2.2.2. Atmosphere Effect

The atmosphere effect describes the tendency of people to be influenced by the mood of the premises
when it comes to accepting a conclusion [36, 37]. This effect was first defined more precisely by [36]
already in 1935. According to this, people aremore likely to accept a conclusionwith the same quantifiers
as one of the premises [3]. People are, therefore, guided by the atmosphere or global impressions [38, 37].
This effect is important as it highlights the extent to which the atmosphere shapes the acceptance
of invalid inferences [3]. In contrast to other human biases, which are concerned with the content
or formal structure of syllogisms, the atmosphere effect is only concerned with the quantifiers used
and, thus, the mood [26, 39]. In the following example, the atmosphere of the premises creates an
impression of credibility that makes it easier to accept the conclusions as valid, even though only the
first conclusion is truly valid [39]:

Example 4. Syllogism:
Premise 1: Some A are B.
Premise 2: No B are C.
Conclusion 1: Some A are not C.
Conclusion 2: Some C are not A.

2.3. Large Language Models

Inspired by the human brain, artificial neural networks are information-processing systems that consist
of neurons linked in network-like structures [40]. The transformer architecture [41] has been introduced
to overcome weaknesses in the previous models, such as sequential computation. The architecture has
an encoder-decoder structure and uses attention mechanisms. This parallel structure is used to address
problems that arose due to memory limitations, particularly with longer text sequences.

Generative Pre-Trained Transformer (GPT) is the primary name of a series of language models
developed by the company OpenAI [4]. In 2023, the variant GPT-4 was introduced, which was trained
on large amounts of data [1]. Various studies show that the model is better at solving more complex tasks
than its predecessors, and its performance in connection with human problem solving has increased [4].
The GPT-4o model was introduced in May 2024. The o stands for omni. It is capable of solving
complex tasks and processing images, audio, and text in real time, achieving a human-like speed of
communication [24]. Despite the numerous stages of development, the models continue to reach
their limits; for example, the models tend to hallucinate (generate content that appears factual but is



ungrounded [42]) and make mistakes when solving reasoning tasks [1].
To solve these problems, so-called reasoning models have been developed. The idea is just as a

person takes time to think deeply before answering a difficult question, those models have increasing
computational resources during inference to improve output quality (called inference-time scaling).
Other methods are applied as well to improve the reasoning quality, such as reinforcement learning
[43, 44], meta chain-of-thought [45] and search and optimization algorithm, such as Monte Carlo tree
search, to systematically explore and evaluate reasoning paths [46]. Reasoning models learn to break
down complex problems into simpler steps and learn to try a different approach if the current one is
not effective. In early 2025 reasoning LLMs, such as OpenAI’s o3 and o4-mini, have been introduced.
Those models reason more deeply and offer more reliable answers by formulating novel hypotheses and
critically assessing them [47]. This claim has been shown by two empirical studies that demonstrate a
strong tendency for exploratory behavior, which is evident in the formulation of novel hypotheses and
the pursuit of alternative solution paths [48, 49]. According to [45], slow-thinking models engage in
a latent generative process, which is especially evident when predicting subsequent tokens. A more
detailed analysis of reasoning models with their core methods for advanced reasoning capabilities is
presented in [46].

3. Related Work

The extent to which LLMs show similarities to humans, particularly in logical reasoning, is a topic of
great interest. For this purpose, various logical tasks, such as syllogisms, have been used to evaluate the
abilities of LLMs in recent literature. Two studies examined various transformer-based pre-trained LLMs
to determine the extent to which they are prone to belief biases, conversion errors, or the atmosphere
effect during syllogistic reasoning with the NeuBAROCO dataset [12]. GPT-3.5, RoBERTa and BART
are evaluated, which showed that the models are prone to similar biases and errors like humans [12].
In the other study, they compared different LLMs using a new chain-of-thought prompting method,
which forces LLMs to translate syllogisms into abstract logical expressions and afterwards explains
their reasoning process [23].

Parmar et al. [50] aim to answer whether LLMs can reason about natural language. To this end,
the work evaluates 25 different reasoning patterns from the areas of first-order, propositional, and
non-monotonic logic. For this purpose, a dataset called LogicBench was generated using GPT-3.5. The
dataset contains two types of tasks: multiple-choice, in which the permissible conclusion must be
selected, and binary-choice, in which a decision must be made as to whether the specified conclusion is
valid. Several LLMs of different sizes are evaluated. The study shows that LLMs have difficulties in
processing complex logical patterns and negations and often miss contextual information. The results,
therefore, show that it is relevant to evaluate where LLMs show weaknesses, like in negations.

Like [50], Espejel et al. [51] also examine a number of logical tasks, including deductive reasoning
such as syllogisms. The work concentrates on the manual evaluation of ChatGPT-3.5, ChatGPT-4, and
BARD. They use different prompting techniques in the tasks, which has shown that the wording of the
tasks can lead to differences in performance. Their results also show that, on average, GPT-4 performed
better on the tasks than the other models.

Bertolazzi et al. [52] examine the impact of chain-of-thought reasoning, in-context learning (ICL),
and supervised fine-tuning (SFT) on syllogistic reasoning. Their study considers syllogisms whose
conclusions either align with or contradict world knowledge, as well as cases involving multiple
premises. The findings show that both ICL and SFT enhance model performance on valid inferences;
however, only SFT substantially reduces reasoning biases without compromising model consistency.
ICL fails to improve models’ ability to detect when no valid conclusion can be drawn. They analyse the
Atmosphere effect as well and conjecture that the reason zero-shot LLMs seldom generate “nothing
follows” is because they rely on the quantifiers in the premises as guidance.

Liu et al. [53] evaluate ChatGPT, GPT-4, and RoBERTa on multi-choice reading comprehension and
natural language inference tasks. It was noticeable that the models performed better on older datasets



than on newly released and out-of-distribution datasets. Even though the comparison with humans was
not the focus of this work, the work contains the average results of humans when solving the tasks of
the well-known datasets LogiQA [54] and ReClor [55]. However, LLMs performed worse than humans
in all datasets in their work in early 2023.

Lampinen et al. [21] contain a direct comparison with humans. The research evaluated different
LLMs and humans in three tasks: syllogisms, the Wason selection task [35], and natural language
inference. Different contents are tested, from realistic to unrealistic to nonsensical. In this way, the
extent to which the content of the tasks influences the LLMs, as is the case with humans, is examined.
The models use similar instructions for the evaluation to explain the tasks as they did with humans. The
tasks with humans are carried out as part of an online experiment. The results of this study, especially
concerning the syllogistic experiment, show that the LLMs are prone to similar biases as humans. In
particular, humans and LLMs are more likely to accept a conclusion as valid if the content matches their
beliefs. In addition, the non-sense category also led to increased acceptance of non-valid assertions.

Similarities to our research has [56]. It focuses on comparing humans and the LLMs of the PaLM 2
family [57]. For this purpose, they use the dataset from [58], which was developed for human research
in the field of syllogisms. Syllogisms are used in which the categories bear no realistic connection to
one another. The LLMs are given eight possible conclusions or the choice that no conclusion is possible.
The results of this work indicate that the larger models show higher accuracy in solving the tasks
than the smaller models and perform better overall than humans. Nevertheless, the LLMs exhibited
systematic errors similar to humans.

Due to the continuous release of new LLMs, the evaluation of models remains a current research
topic. In particular, the comparison of new research results with previous ones in order to observe
developments more closely and to test new models appears to be popular. Our work, therefore, focuses
on the evaluation of the currently latest GPT models. A direct comparison with humans provides a
deeper insight to evaluate more precisely which biases humans and LLMs show in the same tasks.

4. Research Questions and Hypotheses

This work investigates two research questions (RQs) concerning syllogistic reasoning in LLMs and
humans. We focus on syllogism because it has been thoroughly examined by logicians and psychologists,
and it serves as the fundamental building block for more complex forms of reasoning. Given that the
question arises whether LLMs reason similarly to humans, a direct comparison between humans and
LLMs is particularly important. To this end, we are focusing on the following RQs:

• RQ 1: Does the performance of LLMs and humans differ in syllogistic reasoning?
• RQ 2: What impact do well-known human biases such as the content or atmosphere effects have
on LLMs?

Given that LLMs are trained on human-generated data, we assume these models are biased similarly
to humans. We expect the LLMs to be affected by belief-inconsistent syllogisms similar to the research
results of [23, 12, 21, 52]. Further, we hypothesize that the GPT models GPT-4, GPT-4o and o4-mini are
affected by the atmosphere effect. The atmosphere effect is a well-documented human cognitive bias
during syllogistic reasoning [52]. Studies show that large language models such as GPT-3.5, RoBERTa,
and others also display this bias [52, 23, 12]. We also assume that neutral syllogisms are the most
difficult type of syllogism for LLMs, as we are aware that while entailment and contradiction can often
be identified via syntactic or lexical cues, neutral cases require deeper semantic understanding [59].
We further hypothesize that the latest o4-mini reasoning model performs better than the GPT-4.0 and
GPT-4o versions. All our hypotheses are summarized below:

• H1: LLMs solve belief-inconsistent syllogisms less accurately than belief-consistent ones.
• H2: LLMs solve symbolic syllogisms more accurately than belief-based (belief-inconsistent or
belief-consistent)



• H3: The atmosphere affects the accuracy of LLMs to solve syllogisms.
• H4: LLMs solve neutral syllogisms less accurately than entailment or contradiction syllogisms.
• H5: The newest reasoning model o4-mini has a higher overall accuracy than the versions GPT-4
and GPT-4o.

5. Method

This section first describes the selection of a suitable dataset for the comparison of humans and LLMs
on syllogism. Afterwards, the questionnaire for our human study and the experiments with the LLMs
are described.

5.1. Dataset

We chose to utilize the dataset NeuBAROCO presented in [12]. It is based on the original Japanese
dataset BAROCO [60] developed in 2004 for a study with humans. For the study in [12], the dataset
was translated from Japanese into English and adapted for the evaluation of LLMs. In total, the dataset
contains 375 syllogisms. For our study, we did not consider extended syllogisms, therefore, we used
only 318 syllogisms of the NeuBAROCO dataset.

Depending on whether the premises support the conclusion, every syllogism is labeled as entailment,
contradiction, or neutral example. These labels represent the possible answers in the experiments and
serve as the ground truth (called gold answer), which defines the correct classification for each syllogism.
Hereby, it follows the traditional assumption that a universally quantified category is not empty [12].
However, note that the logical principle that false premises lead to arbitrary (ex falso quod libet) is not
applied here. The same is true for human reasoning – people do not have a rule like “from contradiction,
infer anything”. Cognitive psychology has shown that people do not treat contradictions as explosively
as formal logic. Instead, contradictions often lead to confusion, rejection of the task, or suspension of
judgment, rather than deriving arbitrary conclusions. The mental models theory [61] explains this by
claiming that people construct possible models of a situation, and contradictory premises lead to the
failure of model construction.

As mentioned earlier, validity is determined solely by the form and logical structure, not by the
actual content or truth of the assertions involved. The dataset contains our three types of syllogisms:
belief-consistent, belief-inconsistent, and symbolic. Capital letters are used for the symbolic type. To
solve belief-(in)consistent syllogism (logically) correctly, i.e., with respect to their validity, one needs to
replace the terms with symbols (such as A, B, C) to solve the symbolic syllogism. The syllogisms are
labeled as to whether they support a conversion error or an atmosphere effect. These human biases
are explained in Section 2.2. The atmosphere label has been given to all syllogisms where the correct
answer is neutral and contains a premise of type O with conclusion of type E, I or O or a premise of
type I with conclusion of type I or O.

5.2. Questionnaire

We conducted an online questionnaire to evaluate the syllogistic reasoning of humans compared to LLMs.
In our questionnaire, we use multiple-choice questions. To further enhance the quality of our research,
we included questions about educational qualifications and language level. The latter is particularly
crucial to gauge the potential impact of language barriers on participants’ responses. In this question,
we also emphasized the desirability of at least an A2 level of English proficiency. In the questionnaire,
we are not aiming for logic experts but people with diverse higher educational backgrounds (at least a
secondary school certificate up to a master’s degree). A huge number of participants (88 %) had at least
a university entrance qualification, which is sufficient to have a basic logical understanding. We aimed
for young people with a sufficient educational background to compare our results to a previous study
on young Japanese on the same syllogism dataset (with tasks in Japanese) [18].



Figure 1: Example from the questionnaire (correct answer: contradiction)

Prior to undertaking the syllogism tasks, participants received a detailed explanation of syllogisms
through an illustrative example, and the interpretation of the various answer options was explicitly
defined. Participation in the study was entirely voluntary. We did not collect any personally identifiable
information, such as gender. Based on the research questions, a selection of syllogisms was chosen
from the dataset described above. Questions from each of the three different syllogism types and two
questions that lead to the atmosphere effect are selected. We did not choose more questions due to
potential fatigue issues. When choosing the syllogisms, we also considered which figure the syllogisms
belong to, asking each figure at least twice. The questions are designed so that participants are asked
to evaluate a given syllogism consisting of two premises and a conclusion and to indicate whether
the conclusion is entailed by the premises, represents a contradiction, or neither. Accordingly, each
question has three possible answers. Figure 1 shows a question from the questionnaire.

A random order of syllogisms was selected for each participant to avoid any patterns emerging from
the syllogism types. We utilized a software program approved by our university called Tivian [62] to
create the questionnaire. We conducted a pre-test with a small group of participants to identify any
misunderstandings that might arise from the way questions are formulated. Based on the feedback from
the pre-test, we revised the example on the introduction page and the explanation of the answer options.
The questionnaire was then made available online and distributed through various channels, such as
LinkedIn or via email distribution lists. The responses of 188 participants out of 217 are considered for
the analysis. Participants who stated that their language level was A2 or lower are filtered out. Other
participants are not included due to short processing times, as the results cannot be considered reliable.

5.3. Experiment using GPT models

For the evaluation with LLMs, the adapted dataset was queried in standardized prompts. This evaluation
includes the GPT-4, GPT-4o, and o4-mini models, enabling a direct comparison among the three LLMs.
Relevant known specifications of these models are presented in Table 4. It is important to mention
that GPT-4 and GPT-4o learn reasoning purely from deep learning, and there is no explicit reasoning
module, other than o4-mini. We chose GPT-4o as compared with ten top LLMs (using metrics such as
throughput, response time, and latency) GPT-4o was the best model [63], and we want to compare its
capabilities with its predecessor. Further, we aim to evaluate OpenAI’s new reasoning model 04-mini.
The reasoning model o4-mini is trained with reinforcement learning to perform reasoning. Reasoning
models reason before they answer, producing a long internal chain of thought before responding to
the user. They introduce reasoning tokens in addition to input and output tokens. The models use
these reasoning tokens to ”think”, breaking down the prompt and considering multiple approaches to
generating a response. After generating reasoning tokens, the model produces an answer as visible
completion tokens and discards the reasoning tokens from its context.

The three LLMs have been used via OpenAIs API. We used model versions o4-mini-2025-04-16,
gpt-4o-2024-08-06 and gpt-4-06-13 with default parameters. We ran every experiment three times to
check the consistency of the LLM output. Another important factor is that the NeuBAROCO dataset we
use for our study was not available at the time of training for all three evaluated LLMs. The instruction
prompt for the LLMs was designed similarly to the questionnaire: the motivation, purpose, and an



GPT-4 GPT-4o o4-mini
Initial Release Date March 14, 2023 May 13, 2024 April 16, 2025
Knowledge Cutoff Dec 01, 2023 Oct 01, 2023 Jun 01, 2024
Reasoning token no no yes
Context window 8192 128000 200000

Parameters 1.76 trillion YTD (yet-to-disclose) YTD

Table 4
Comparison of GPT-4, GPT-4o and o4-mini specifications.

(a) Confusion matrix of human study in %.
(b) Confusion matrix of human study in % for neutral

syllogism with and without atmosphere effect.

example are first explained. It was also pointed out that the tasks should only be answered with one
word: entailment, contradiction or neutral. The procedure was carried out similarly for the three LLMs,
and 318 syllogisms were queried in a random order.

6. Results and Discussion

We first analyze the outcomes of the human study before proceeding to the evaluation involving LLMs.
In our human study, we evaluated eleven carefully selected syllogisms by 188 participants. The overall
accuracy in our human study is 57 %. The confusion matrix in Figure 2a compares the accuracy of the
syllogism types entailment, contradiction and neutral. It shows that neutral syllogisms are very hard
to solve for humans, with only 37% accurate answers. The distribution clearly shows that humans
are rather uncertain about neutral syllogisms, with false responses of type entailment with 27% and
contradiction 35%. In Figure 2b we compare neutral syllogisms with and without the atmosphere
effect to analyze its impact on human reasoning. Neutral syllogisms with atmosphere effect have a
low accuracy of 24 %. Most syllogisms with atmosphere effect are with 40 % considered as entailment.
When comparing the neutral syllogisms without the atmosphere effect, it is noticeable that 46 % of
the syllogisms are correctly classified as neutral. By comparing the two confusion vectors, it can be
assumed that the atmosphere effect influences humans. However, it must be taken into account that
due to the small number of syllogisms, there are only three syllogisms with the atmosphere effect in
the questionnaire.

To directly compare human performance to LLMs, we evaluated the eleven syllogisms from the
questionnaire with three LLMs. As reported in Table 5 o4-mini answered all the syllogisms included in
the questionnaire correctly, while GPT-4 made two errors and GPT-4o one error for the content type
neutral. We already recognized that neutral syllogisms are difficult to answer, especially for humans.

In the following section, we compare the results of our human study and three different LLMs. We



No. Gold Answer Content Type A Human Majority GPT-4 GPT-4o o4-mini
S1 contradiction inconsistent no contradiction contradiction contradiction contradiction
S2 contradiction consistent no contradiction contradiction contradiction contradiction
S3 contradiction symbol no contradiction contradiction contradiction contradiction
S4 entailment inconsistent no entailment entailment entailment entailment
S5 entailment consistent no entailment entailment entailment entailment
S6 entailment symbol no entailment entailment entailment entailment
S7 neutral inconsistent no neutral contradiction neutral neutral
S8 neutral consistent yes entailment neutral entailment neutral
S9 neutral symbol no neutral neutral neutral neutral
S10 neutral consistent yes entailment neutral neutral neutral
S11 neutral consistent yes contradiction contradiction neutral neutral

Table 5
Evaluation of 11 Syllogism form our questionnaire. Comparison of LLM answers and Human Majority Decisions.
A stands for atmosphere present. Incorrect answers are marked in red. Abbreviation: inconsistent= belief-
inconsistent, consistent= belief-consistent.

Humans GPT-4 GPT-4o o4-mini

All 56.53 (sd 0.50) 73.79 (sd 0.30) 77.67 (sd 0.68) 95.60 (sd 0.00)

Syllogism Types

Entailment 71.30 (sd 0.45) 84.00 (sd 0.00) 86.33 (sd 1.89) 92.00 (sd 0.82)
Contradiction 74.69 (sd 0.43) 85.42 (sd 0.00) 94.44 (sd 1.94) 93.06 (sd 0.98)
Neutral 36.79 (sd 0.48) 64.51 (sd 0.55) 67.84 (sd 1.82) 98.43 (sd 0.55)

Content Types

belief-consistent 49.09 (sd 0.50) 78.63 (sd 1.08) 80.66 (sd 1.90) 93.38 (sd 0.36)
belief-inconsistent 56.51 (sd 0.50) 58.50 (sd 0.46) 60.78 (sd 2.12) 94.77 (sd 0.46)
Symbolic 68.98 (sd 0.46) 83.75 (sd 0.00) 92.92 (sd 1.56) 100 (sd 0.00)

Atmosphere

No Atmosphere 63.76 (sd 0.48) 80.06 (sd 0.22) 86.45 (sd 1.14) 94.55 (sd 0.22)
Atmosphere present 24.06 (sd 0.43) 60.90 (sd 0.45) 59.62 (sd 4.15) 97.76 (sd 0.45)

Table 6
Comparison of the answers accuracy in % for our human study and three different GPT versions on different
syllogism and content types. Results are the average over three runs, including the standard deviation (sd).

ran each LLM three times over 318 syllogisms and calculated the mean accuracy and standard deviation
(sd). Table 6 shows the response accuracies of humans, GPT-4, GPT-4o and o4-mini in comparison.

Overall, humans performed worst at 57 %, the GPT-4 and GPT-4o model perform rather similar around
75% and o4-mini performed best at 96 % mean accuracy. The newer o4-mini model outperformed its
larger predecessor models, although the exact size of the models is not publicly disclosed. This contrasts
with the findings of [56], which claim that larger models demonstrate higher accuracy in solving tasks
compared to smaller models. This discrepancy might be due to the new functionalities of the reasoning
model. Humans and the LLMs GPT-4 and GPT-4o have in common that the response accuracy is lowest
for neutral syllogisms and highest for contradiction syllogisms. In our questionnaire analysis, we
found that the majority of humans answered three out of four neutral syllogisms incorrectly. This
trend can not be found with the newest reasoning model o4-mini. The neutral syllogisms are easy
to solve for this reasoning LLM with a nearly perfect accuracy of 98 %. When considering different
content types, humans perform worse than the LLMs in all syllogism types but have a rather similar
accuracy to GPT-4 and GPT-4o for belief-inconsistent syllogisms. For both humans and LLMs, symbolic
syllogisms yield the highest levels of accuracy. In contrast to the LLMs, humans have the lowest
accuracy for belief-consistent syllogisms, whereby the value is negatively influenced by the syllogisms
with atmosphere effect, as these are only queried as belief-consistent syllogisms. For the LLMs GPT-4



Hypothesis Supported? Interpretation

H1 Yes, Chi² = 8.33, p= 0.0039 < 0.05 Belief bias has a significant effect on LLMs.
H2 Yes, Chi² = 7.59, p=0.0059 < 0.05 Symbolic syllogisms are easier to solve for LLMs.
H3 Yes, Chi² = 20.21, p = 6.93e-06 < 0.05 Atmosphere significantly affects LLMs.

H4 Yes, Chi² = 61.95, p = 3.52e-15 < 0.05
Neutral syllogisms are more difficult than
entailment or contradiction.

H5
Yes, Chi² = 89.06, p = 3.83e-21 < 0.05; o4-mini outperforms GPT-4.
Yes, Chi² = 45.91, p = 1.24e-11 < 0.05 o4-mini outperforms GPT-4o.

Table 7
Significance analysis of hypotheses.

and GPT-4o, it is noticeable that belief-inconsistent syllogisms are more difficult to solve compared to
belief-consistent syllogisms. There is a huge drop in accuracy of 19 % for GPT-4 and 20% for GPT-4o.
This so-called content effect was detected in other LLMs as well [21, 52]. In comparison to a Japanese
study with young people, they had a similar overall accuracy of 53 %, however, they were better at
solving belief-inconsistent and worse at symbolic syllogisms [18]. This might be explained by the
different language structure and cultural background. We further analyze the performance of syllogisms
that favor the atmosphere effect. The results show that the atmosphere misleads human, GPT-4 and
GPT-4o. Especially, GPT-4o and GPT-4 lose around 20 % accuracy. The o4-mini model is not affected by
the atmosphere. Overall, we can recognize that the 𝑠𝑑 values of all LLMs as well as humans are rather
low in general. This indicates a high consistency in answers. The only outlier with 𝑠𝑑 = 4.15 occurs for
GPT-4o when atmosphere is present in syllogisms.

To test our hypotheses (see Section 4), we use the Chi² test for significance with significance level
𝛼 = 0.05. The results of our analysis are presented in Table 7. We could verify all our five hypothesis
and found the LLMs perform significantly differently on belief-inconsistent versus belief-consistent
syllogisms, therefore we can conclude that the belief bias effects LLMs. This is further supported by the
finding that, symbolic syllogisms are significantly easier compared to belief-based syllogisms. Besides,
the atmosphere significantly affects the difficulty for LLMs to solve syllogisms. Another finding is that,
as already supported by the literature [59, 52], neutral syllogisms are more difficult than entailment or
contradiction. We further found that the new reasoning model o4-mini performs better than GPT-4
and GPT-4o. Especially for neutral syllogisms and present atmosphere. Therefore, we should try to
understand more about how this new reasoning model works.

7. Comparing Formal Logic, LLM Reasoning and Human Reasoning

Formal logic (see e.g. [64]) provides a foundational, deterministic framework for evaluating syllogisms
based on precise logical rules. Derived from classical Aristotelian logic, it enables the systematic
assessment of arguments through strict adherence to defined logical structures. Each conclusion drawn
from a syllogism is ensured to be valid if the premises are true, offering a clear, explainable pathway
of reasoning. In contrast, LLMs such as GPT-4 or GPT-4o generate inferences through statistical
association, learned from vast textual datasets rather than formal logic. While mimicking human-like
responses to logical prompts, LLMs lack an intrinsic understanding of logical principles. They do not
apply the strict rules of formal, mathematical logic on their own initiative. Their outputs are generated
based on statistical patterns rather than formal deductive reasoning. As a result, their conclusions often
reflect plausible reasoning patterns without ensuring deductive soundness. Human reasoning as well
does not rely on formal rules. Instead, it involves envisioning possibilities based on initial perceptions,
assertions, memory, or a combination of these [65]. We create mental models of each possibility and
draw conclusions from them. This approach predicts systematic errors in reasoning, supported by
evidence. Thus, reasoning simulates the world using our knowledge rather than manipulating logical
sentence structures by exactly defined inference rules.



A significant limitation of both humans and LLMs in syllogistic reasoning tasks is their susceptibility
to cognitive biases. For example, the belief bias, i.e., the tendency to endorse conclusions based on their
perceived plausibility rather than logical validity, and the atmosphere effect, wherein the quantifier
mood of premises influences the expected structure of the conclusion, have consistently led to systematic
reasoning errors [66]. LLMs, due to their training on natural language texts written by humans and
statistical nature, are prone to reproducing these same biases [67]. Our findings support this alignment:
tasks involving semantically neutral symbolic syllogisms were solved more reliably by both humans and
LLMs, suggesting that symbolic abstraction may reduce the influence of belief-driven errors. To address
such biases and enhance logical accuracy, recent work has proposed intermediate translation steps that
convert natural language syllogisms into predicate logic. By formalizing arguments symbolically, LLMs
are nudged toward more structured logical pathways and away from shallow linguistic correlations. A
recent study [23] found that enforcing LLMs to first express syllogisms using predicate logic and to
explicitly justify their reasoning led to increased logical validity and transparency in model explanations.

According to [65], humans try things, may fail, explore, and eventually settle into a strategy. Different
people develop different strategies. As individuals explore problems, they build their strategies using
existing inferential tactics, such as adding information to possible scenarios. Once a strategy is developed
for a specific problem type, it often guides their reasoning. This strategy has been developed by thinking
aloud and using paper and pencil while reasoning. Newer reasoning models enhanced with reasoning-
specific adaptations, such as reasoning tokens, incorporate chain-of-thought prompting, forcing step-
by-step reasoning, such as human think-aloud, verifier modules akin to metacognitive checking and
search/planning augmentations (e.g., tree-of-thoughts, Monte Carlo tree search). This makes them
closer to human problem solvers. They simulate strategies, check consistency, and sometimes backtrack.
These advanced LLMs, such as OpenAI’s o4-mini, demonstrate improved performance on syllogistic
reasoning tasks and outperform both older LLM variants and human participants. However, those
reasoning models lack the explicit logical reasoning structure that formal methods such as predicate
logic can enforce. While formal logical calculi, such as the resolution calculus [64], precisely specify
both the permissible inferences and thus what constitutes a reasoning step, there is no well-defined
account of what reasoning occurs within LLMs, let alone what would qualify as a reasoning step.

Given the strengths and limitations of each method, a hybrid approach – combining symbolic
translation (e.g., into predicate logic) with newer LLM architectures optimized for reasoning tasks
– could be part of future research. This may leverage the structural precision of formal logic and
the linguistic flexibility of LLMs. Such an integrative design could improve both the reliability and
explainability of LLM outputs in deductive tasks.

Finally, while human reasoning is strongly influenced by cognitive heuristics and context-dependent
beliefs, LLMs replicate similar patterns through learned data distributions. Importantly, recent gen-
erations of LLMs show significantly improved performance on syllogistic reasoning, suggesting the
potential for LLMs to surpass average human logical reasoning. Nevertheless, without mechanisms
to enforce logical correctness, such outputs remain probabilistic approximations rather than formal
deductions. In the end, the question remains whether humans, machines with artificial intelligence, or
the validity of formal logic will remain the measure of all things.

8. Conclusion

In this work, we compare humans and LLMs in syllogistic reasoning based on the NeuBAROCO dataset.
Different focal points are analyzed, as we evaluate diverse syllogism types and content effects, as well
as the atmosphere effect. GPT-4, GPT-4o and o4-mini are presented with prompts to classify different
syllogisms. Each LLM was tasked to answer 318 syllogisms from the NeuBAROCO dataset using
OpenAI’s API. Further, we conducted a human study in the form of an online questionnaire consisting
of eleven syllogisms. The results from 188 participants are used for the analysis. Humans performed
overall less accurately than the GPT models in classifying syllogisms. Both humans and models had
difficulties with neutral syllogisms. Symbolic syllogisms were the easiest to classify correctly. We also



found that the LLMs and humans are both influenced by the atmosphere effect. The latest reasoning
model, o4-mini, showed nearly perfect accuracy and a huge improvement compared to the previous
versions GPT-4 and GPT-4o. The results illustrate that the development of LLMs is progressing greatly
and can outperform human logical reasoning abilities. At the same time, the results also show that
LLMs sometimes exhibit similar behavioural patterns to those of humans, especially when influenced
by content or the atmosphere effect.

Our study has certain limitations that future research could explore. One limitation is the different
amounts and distributions of syllogisms for humans and LLMs. In addition, the atmosphere effect
was only analyzed to a limited extent due to the distribution of the syllogisms in the dataset. In
order to ultimately confirm the effect, a more comprehensive assessment should be carried out. The
incorporation of more diverse and open-source LLMs and reasoning models could help to improve the
study.

This provides several reference points for future research. Subsequent studies could adopt a more
homogeneous experimental setup and examine a smaller, more targeted participant group using a larger
set of syllogisms to improve statistical power. Including specific populations, such as individuals with
autistic traits, would further enable detailed analysis of content bias effects. Further, a combination
with formal logic structures could be included in a more extensive study. More detailed analyzes could
also help to identify the current status of LLMs and thus evaluate the extent to which logical thinking
patterns are similar in humans and LLMs. In summary, our study shows that while LLMs outperform
human syllogistic reasoning accuracy, they show human-like biases.
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