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The Turing Test Is Here to Stay
Rahimov Avraham1 & Azaria Amos1

1Department of Data Science and AI, Ariel University

Abstract

The Turing test, first proposed by Alan Turing in 1950, has
historically served as a benchmark for evaluating artificial intel-
ligence (AI). However, since the release of ELIZA in 1966, and
particularly with recent advancements in large language models
(LLMs), AI has been claimed to pass the Turing test. Further-
more, criticism argues that the Turing test primarily assesses
deceptive mimicry rather than genuine intelligence, prompt-
ing the continuous emergence of alternative benchmarks. This
study argues against discarding the Turing test, proposing in-
stead using more refined versions of it, for example, by inter-
acting simultaneously with both an AI and human candidate to
determine who is who, allowing a longer interaction duration,
motivating participants with a bonus payment, “training” the
participants on past conversations, access to the Internet and
other AIs, using experienced people as evaluators, etc.

Through systematic experimentation using a web-based plat-
form, we demonstrate that richer, contextually structured test-
ing environments significantly enhance participants’ ability to
differentiate between AI and human interactions. Namely, we
show that, while an off-the-shelf LLM can pass some Turing
test environments, it fails to do so when faced with a more ro-
bust one. We further demonstrate that GPT-4.5, which previous
work has shown to trick 70% of the human participants, fools
less than 20% of the human participants in the most advanced
Turing test we propose. Our findings highlight that the Turing
test remains an important and effective method for evaluating
AI, provided it continues to adapt as AI technology advances.

Introduction
The Turing test, proposed by Alan Turing in 1950 (Turing,
1950), has historically served as a foundational benchmark
for assessing artificial intelligence (AI). Over the decades,
several AI systems, most notably ELIZA (Weizenbaum, 1966)
and Eugene Goostman (Warwick & Shah, 2016) have claimed
to pass variations of this test, often sparking debate over its
adequacy as a measure of genuine intelligence. Recently,
the consensus has shifted: modern large language models
(LLMs) such as GPT-4 (Bubeck et al., 2023) convincingly
pass traditional forms of the Turing test, diminishing its per-
ceived relevance. Critics argue that this benchmark is pri-
marily focused on deception rather than meaningful intel-
ligence, prompting researchers to continually propose new
benchmarks which, though initially challenging, are often sur-
passed within months (Srivastava et al., 2022).

Despite such criticisms, this paper argues that dismissing
the Turing test as outdated overlooks its significant potential
as an ultimate evaluation of general intelligence, provided it is

adapted to contemporary AI advancements. Rather than aban-
doning it, we propose that the Turing test should be updated.
Modern adaptations could include extended interaction times,
engagement with domain experts as evaluators, enabling real-
world interactions (such as placing online orders, composing
a presentation, building websites, and creating videos), or
incorporating audio and video communication. Moreover,
contemporary versions of the test might allow both AI and
human participants to use the Internet and even collaborate
with other AIs. The human responder could be an expert
in their field, for example, an expert software programmer.
Crucially, the test should strongly incentivize human testers
to pose meaningful challenges and human responders to con-
vincingly demonstrate their authenticity.

If an AI consistently remains indistinguishable from a hu-
man across diverse, extended, and complex interactions, this
would provide robust evidence of achieving behavioral in-
distinguishability in a text-based setting, which is the opera-
tional definition of passing the Turing test (Turing, 1950). It
is important to note, however, that such indistinguishability
is not universally accepted as equivalent to human-level gen-
eral intelligence (French, 1990; Searle, 1980). The present
work focuses on the former, while acknowledging this philo-
sophical distinction. Additionally, data collected from these
enriched interactions would offer invaluable insights, accu-
rately reflecting human expectations and standards for general
intelligence.

To systematically explore these issues, we introduce a mod-
ern web-based platform designed to examine three different
environment settings of the Turing test, which we refer to as
Simple, Enhanced, and Advanced.

In the Simple environment, which is based on the experi-
ment conducted by (Biever, 2023), a human interacts briefly
with a single candidate and must determine if she was con-
versing with an AI or a human. However, in the Enhanced
environment, we take several measures to ensure a more ro-
bust test, with the most significant difference being that the
participants interact using a dual-chat interface. That is, the
human participants (testers) simultaneously interact with both
a human (responder) and an AI chatbot without knowing who
is who. This allows the tester to compare the responses ob-
tained from both parties when deciding who is human and
who is an AI chatbot. Moreover, in the Advanced environ-
ment, we add a new conversation review phase prior to the
actual chat, which allows the tester and the responder to learn
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from past conversations with both a human and the chatbot.
The primary objectives of this research are as follows. First,

we call to update the Turing test and establish a set of standard-
ized and reproducible environments for conducting different
versions of the Turing test. Second, we investigate how envi-
ronmental factors, such as participant selection, conversation
duration, review phase, and interface design, influence human
performance. To the best of our knowledge, this is the first
work to compare the performance (with respect to passing
the Turing test) of identical models in multiple environments.
Our findings contribute to ongoing discussions in AI research
by demonstrating that while AI may easily deceive users in
simplistic settings, more comprehensive and structured tests
reveal deeper limitations, reinforcing the relevance of the Tur-
ing test as an important benchmark for evaluating general
intelligence. Given that modern LLMs excel at producing
convincing language and performing various conversational
tasks (Chkroun & Azaria, 2024; Panagoulias et al., 2023),
passing a well-crafted Turing test demands that AI exhibit
authentic human-level intelligence across a range of tasks,
beyond simply imitating human-like dialogue.

Related Work
The Turing test (Turing, 1950) was designed as an operational
criterion for machine intelligence. In its original formulation,
commonly referred to as the “imitation game”, a human judge
(interrogator) engages in a text-based conversation with both a
human and a machine simultaneously, without knowing which
is which. If the judge cannot reliably distinguish between
them, the machine is said to exhibit intelligent behavior. While
Turing did not specify a strict numerical threshold for passing
the test, later interpretations often cite a benchmark of around
66.7-70%, i.e., if only two-thirds or less of human testers
correctly identify the machine as non-human, the machine
is considered to have passed the test. In addition, (Jones &
Bergen, 2025) propose that passing the Turing test requires
that human success rate will be non-statistically significantly
greater than 50%.

The Loebner Prize competition was a practical instantiation
of Turing’s original ideas (Bradeško & Mladenić, 2012), held
annually from 1991 until its discontinuation in 2019. A 2012
survey of chatbot systems developed for the competition high-
lights that, at the time, many chatbots were able to superficially
mimic human conversation but largely relied on pre-scripted
responses and heuristic rules rather than genuine contextual
understanding. As a result, these systems often failed to main-
tain sustained coherence or handle open-ended or ambiguous
queries. The competition has drawn substantial criticism over
the years, including concerns that it prioritized deception over
intelligence, encouraged superficial ELIZA-style gimmicks,
and relied on untrained judges making quick decisions un-
der overly constrained conditions. While such critiques were
valid, especially given the technical limitations of the time,
the discontinuation of the prize coincided with the emergence
of LLMs, which are capable of generating contextually rich,

coherent, context-sensitive responses across a wide range of
topics.

Indeed, several recent studies have attempted to evaluate
LLMs through variations of the Turing test. In (Jannai et
al., 2023), Jannai et al. conducted a large-scale study, by
introducing the online game “Human or Not?”. In this game,
over 1.5 million participants engaged in short conversations
with either a human or an AI model, after which they had to
indicate whether they were interacting with another human or
with an AI. When interacting with an AI, only 62% of the
humans correctly identified it as an AI. Thus, Jannai et al.
conclude that their prompt engineered LLM has passed the
Turing test. However, despite its large-scale participation, the
experimental design raises several methodological concerns.

First, the interaction was conducted with only a single chat,
so one could not compare the behavior of the AI to that of a real
human. In addition, the participants were not assigned specific
roles, with one being a tester and the other being a responder,
and instead, the humans and the AI also played the role of a
tester and also of a responder. Furthermore, the participants
were not provided clear instructions, so some participants
took the role of an AI, and attempted to answer as an AI
would answer instead of acting like a human. Additionally,
each interaction lasted only two minutes, with an average of
4-5 messages per participant. Such brief exchanges may not
expose deeper cognitive limitations of AI, such as long-term
coherence, contextual understanding, and abstract reasoning.

Finally, the conversation structure followed a rigid alternat-
ing messages format, with predefined message length limits
and time gaps. This artificially equalized AI-human commu-
nication may have limited the ability to observe more nuanced
weaknesses that would arise in unrestricted conversation. Fur-
thermore, the study incorporated predefined AI personalities,
backstories, and deliberate behavioral modifications, such as
intentional delays, slang usage, and humor injection. These
modifications may have shifted focus toward optimizing de-
ception performance, rather than evaluating the AI’s natural
ability to engage in human-like dialogue.

Therefore, the study reflects performance within a specific,
constrained setting, and its conclusions may not generalize to
the broader definition of the Turing test. It primarily demon-
strates that AI can be optimized for a simplified version of the
test, one in which humans do not perform well.

Jones and Bergen (Jones & Bergen, 2024) show that by
prompt engineering GPT-4, it can successfully pass the Turing
test in a brief, single-chat setup, with human judges classifying
GPT-4 as human 54% of the time. Their study, while method-
ologically comparable to (Jannai et al., 2023), also employed
relatively short and unconstrained interactions. Our findings
indicate that performance changes markedly when additional
safeguards such as dual-chat, incentives, and a review phase
are introduced. We note that, according to the original logic
of the Turing test, human accuracy falling below 50% may
indicate that the test environment itself introduced confounds.

Jones and Bergen (Jones & Bergen, 2025) introduce a three-
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party chat interface where a human tester simultaneously con-
verses with a human responder and an AI system. In this
implementation, each experimental round was limited to 5
minutes, and the observed median chat duration was approx-
imately 4.2 minutes. The median number of messages per
conversation was about 8 (roughly 4 from each participant),
a figure notably lower than the 14 messages per conversation
observed in our Enhanced Test experiments. Each participant
completed 8 rounds, interacting with different AI versions
and interchangeably serving as a tester or as a responder. This
raises the concern that repeated exposure may induce a bias in
the tester’s ability to detect the AI. For instance, a tester who
correctly identifies the AI in one round, may expect a similar
behavior of the AI in a following round and thus, may be more
prone to misclassify it if using a different model. In addition,
serving both as a tester and a responder may cause confusion,
especially since the instructions for both roles were provided
together. Indeed, as shown by the authors, the ability to detect
the AI decreases over time, which is completely counterin-
tuitive for a well performed Turing test. Furthermore, only
76% of the testers correctly identified the simple ELIZA bot,
further indicating that the environment is problematic and
unrepresentative.

In the study ChatGPT-4 in the Turing test by Restrepo (Re-
strepo Echavarría, 2025), the experiment was conducted us-
ing WhatsApp over approximately 7 minutes per session. In
a series of 10 Turing test experiments, interrogators correctly
identified ChatGPT-4 as the machine in 9 out of 10 cases.
However, the very small sample size (only 10 experiments)
limits the statistical power and robustness of the conclusion.

It should be noted that none of these studies implemented
mechanisms such as a pre-test quiz to ensure participant un-
derstanding of the task, or a bonus system to motivate accurate
identification, or a conversation review phase to “train” par-
ticipants to distinguish better between a human and a chatbot,
as we do. These additions are designed to motivate partici-
pants to engage in extended, naturalistic conversations, let the
participant learn how to detect the chatbot, and filter out un-
serious participants. Our modifications aim to provide a more
robust experimental setting. Furthermore, to the best of our
knowledge, this is the first paper to evaluate the performance
of the same AI models in multiple environmental settings.

A broader perspective on AI evaluation challenges was pro-
vided by Biever in (Biever, 2023). The paper argues that
since current AI can pass the Turing test, and that AI agents
are capable of convincingly acting like humans, the Turing
test is no longer relevant. Therefore, the paper suggests that
researchers should focus only on other benchmarks, such as
ConceptARC (Moskvichev et al., 2023), which evaluate AI on
abstract reasoning tasks. While Biever correctly highlights the
need for more rigorous testing, it underestimates the impor-
tance of refining the Turing test itself. Instead of discarding
it altogether, improving the test environment can yield more
reliable evaluations.

Experimental Design
We conducted 12 experiments categorized into three Turing
test environments: Simple, Enhanced, and Advanced. Each
test was performed using four different versions of the mod-
els: Llama 3.2 1B instruct without any prompt, Llama 3.2 1B
instruct with a prompt, and Llama 3.1 405B instruct and GPT
4.5 preview with Jones and Bergen (Jones & Bergen, 2025)
persona prompt, both of which were reported to pass the Tur-
ing test in their environment. Participants were recruited in-
dependently for each condition through Amazon Mechanical
Turk. Given the platform’s large worker pool, cross-condition
participation is expected to be negligible. We therefore treat
this as an effectively between-subjects design, where each par-
ticipant’s data contributes to only one 𝜒2 comparison. The
prompt used in Llama 3.2 1B instruct was a simple prompt that
required the LLM to mimic a real person emotion, have typos,
provide short responses, and never admit being an AI. The
persona prompt was obtained from (Jones & Bergen, 2025)
and revised to use the instructions and information available
in the current experiment.

Simple Turing Test
The Simple Turing test was designed as a streamlined inter-
action, where participants engaged in a conversation within a
single chat window without knowing their conversation part-
ner’s true identity. Although the second participant was ran-
domly assigned from the first participant’s perspective, it was
always an AI.

Each interaction lasted two minutes, after which partici-
pants were asked to determine whether they had been con-
versing with a human or an AI. This design closely follows
the methodology outlined in (Jannai et al., 2023), with the key
difference that human-human interactions were excluded, as
they were not relevant to the objectives of this study.

Participants in the Simple Turing test received a fixed
compensation of $0.50, with no opportunity for additional
bonuses. The estimated total duration, including the con-
versation and a post-experiment survey, was approximately 3
minutes and 24 seconds on average.

Note that the Simple condition differs from the Enhanced
and Advanced conditions in multiple respects simultaneously
(interface design, duration, incentive structure, and role as-
signment); future factorial designs could isolate the contribu-
tion of each individual factor.

Figure 1 presents the chat interface used in the Simple
Turing test, depicting a human participant interacting with
a prompt-engineered AI.

Enhanced Turing Test
The Enhanced Turing test introduced a dual-chat format.
Upon joining, participants were assigned one of two roles:
tester or responder. The tester was presented with two chat
windows—one connected to a human (the responder) and the
other to an AI. However, the tester was not informed which was
which. The responder’s objective was to convince the tester
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Figure 1: Simple Turing test - Chat Interface. Participants
interacted with a prompt-engineered AI in a single chat win-
dow.

of their human identity while assisting in identifying the AI.
In essence, the tester and responder collaborated to detect the
AI. To encourage both human participants (the tester and the
responder) to adhere to their roles, we offered a bonus to both
parties if the tester correctly identified the human and the AI.
To avoid confusion, each participant received instructions re-
lated only to his or her own role; the instructions included the
bonus information. After viewing the instructions, a simple
quiz was used to filter out inattentive participants.

Each interaction lasted five minutes, after which the tester
submitted their judgment regarding which chat contained the
AI and which contained the human. Following their selection,
testers completed a brief post-experiment survey.

To reduce potential biases, the positions of the chat win-
dows were randomized for each participant. Additionally, an
inactivity detection system was implemented to ensure active
engagement.

The base compensation was $0.50 and the bonus was set to
$0.50 as well, bringing the total possible payment to $1.00.
The estimated total duration, including the chat and the post-
experiment survey, was approximately 8 minutes and 58 sec-
onds on average.

Figure 2 illustrates the interface used in the Enhanced Turing
test, depicting the perspectives of testers.

Figure 2: Enhanced Turing test - Tester Interface. The tester
interacts with both an AI and a human in two separate chat
windows.

Advanced Turing Test
The Advanced Turing test is an improved version of the En-
hanced Turing test. As before, this environment included
a quiz, and a bonus payment for participants whose tester
guessed correctly. However, in this test a new phase was
added, the conversations review phase, in which the partici-
pants reviewed five, randomly selected previous conversations
from past experiments between the tester and the chatbot as
well as conversations between the tester and the human re-
sponder.

For each of the conversations, the participants were required
to guess who the human responder was and who the chatbot
was, and were shown the correct answer. The “training” con-
versations were randomly selected from previous experiments
with the same chatbot model tested in which the tester cor-
rectly identified it. This phase allowed the participants not
only to learn how the chatbot behaves but also what might be
good queries to provide to it.

Figure 3 displays an example of the conversation review
phase with the Llama 3.1 405B conversations.

Figure 3: Conversation Review Phase with Llama 3.1 405B
conversations

The experiments were conducted via Amazon Mechani-
cal Turk, a widely utilized platform for human-subject stud-
ies (Paolacci et al., 2010). To ensure data quality, participants
were required to meet the following eligibility criteria: a task
approval rate exceeding 99%, completion of more than 1,000
approved tasks, and verified residency in the USA.

Experimental Results
We use a 𝜒2 independence test (Pearson, 1900) to determine
whether participant performance differs significantly between
the Simple, Enhanced, and Advanced Turing test environ-
ments.

The null hypothesis (H0) assumes that the test type does
not affect participant accuracy. The alternative hypothesis
(HA) suggests a significant difference among the three test
environments.
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Figure 4: Accuracy by Model Versions and Test Environments

Overall Results
Figure 4 and Table 1 summarize human tester accuracy across
all four model versions and three test environments. Accuracy
is defined as the proportion of testers who correctly identified
who was the human and who was the chatbot in the Enhanced
and Advanced environments, or correctly recognized that they
were interacting with a chatbot in the Simple environment. In
other words, higher values reflect a failure of the chatbot to
successfully convince the human tester that it was human. For
a chatbot to be considered to pass the Turing test, the human
tester should score less than 66% (although the exact value
depends on the definition chosen).

These results suggest that for all model versions, tester accu-
racy increases substantially from the Simple to the Enhanced
and Advanced environments. The results show that all mod-
els clearly failed the Turing test in the Advanced environment,
with the two simple Llama 3.2 1B versions failing also in
the Enhanced environment and all but the Llama 3.2 1B No
Prompt version passing the Simple environment. We also
note that the most simple version, Llama 3.2 1B No Prompt
in the Simple environment, outperformed the Llama 3.2 1B
w/ prompt version in the Enhanced environment, which, in
turn, outperformed all models in the Advanced environment.
Once again, this highlights the critical influence of the test
environment on the Turing test performance.

Table 1: Accuracy by Model, Prompting, and Test Format
(Simple / Enhanced (Enh.) / Advanced (Adv.))

Model / Condition Simple Enh. Adv.
Llama 3.2 1B (No Prompt) 28/41

(68.29%)
27/29

(93.10%)
27/28

(96.43%)
Llama 3.2 1B (w/ Prompt) 18/41

(43.90%)
22/31

(70.97%)
30/34

(88.24%)
Llama 3.1 405B (w/ persona) 9/41

(21.95%)
15/35

(42.86%)
26/35

(74.29%)
GPT 4.5 Preview (w/ persona) 4/40

(10.00%)
17/34

(50.00%)
28/33

(84.85%)

A statistical summary of the independence chi-square tests
confirms that the observed differences are statistically signif-
icant in all conditions (all 𝑝 < 0.05). Effect sizes ranged

from medium to large across all models (Cramér’s 𝑉 = 0.35
to 0.62), all exceeding Cohen’s medium-effect threshold of
0.30 (Cohen, 1988). As shown in Table 2, every comparison
yielded a p-value well below the standard 𝛼 = 0.05 threshold.

Table 2: Summary of 𝜒2 Tests Comparing Simple, Enhanced,
and Advanced Formats

Model / Condition 𝜒2 (df=2) p-Value Cramér’s 𝑉
Llama 3.2 1B (No Prompt) 12.32 0.002 0.35
Llama 3.2 1B (w/ Prompt) 16.76 0.0002 0.40
Llama 3.1 405B (w/ persona) 20.99 < 0.001 0.43
GPT 4.5 Preview (w/ persona) 41.18 < 0.001 0.62

Detailed Analysis of Test Environment Effects

To further explore the findings summarized in Table 2, we
analyze the performance shifts for each model individually.

For Llama 3.2 1B without prompt engineering, the improve-
ment from the Simple to Advanced format was stark. While
nearly a third of guesses (13 of 41) were incorrect in the
Simple test, this dropped to just one incorrect guess in the
Advanced test.

When prompt engineering was applied to Llama 3.2 1B,
the impact of the test format was even more pronounced. The
Simple test proved to be an unreliable evaluation environment,
with more incorrect than correct guesses (23 vs. 18). How-
ever, performance dramatically improved in the Advanced
test, where correct guesses outnumbered incorrect ones by
over 7-to-1 (30 vs. 4).

The trend was amplified with the larger Llama 3.1 405B
model. Participant accuracy improved markedly from just
22% in the Simple test to 74% in the Advanced format. The
difficulty of the Simple setting is reflected in the 32 incorrect
guesses, a number that fell by over 70% in the Advanced
version.

Finally, the GPT 4.5 Preview model showed the most ex-
treme dependency on the test format. The Simple test proved
nearly indecipherable to participants, who guessed incorrectly
90% of the time (36 of 40). Performance flipped entirely in
the Advanced test, which yielded an 85% accuracy rate. This
vast performance gap produced the most significant statistical
result in our analysis.

Collectively, these results confirm that accuracy increases
significantly from Simple to Enhanced and reaches its highest
score in the Advanced Turing test, underscoring the Advanced
test as the most robust and rigorous evaluation environment
(𝑝 < 0.05 across all comparisons).

AI Experience and Performance Trends

Figure 5 shows accuracy across experience levels (basic, in-
termediate, high) for each test environment, we merged all
versions.
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Figure 5: Accuracy by AI experience level in the Simple,
Enhanced and Advanced tests

These results reveal several key insights. First, across all
levels of participant experience, the Advanced test environ-
ment consistently resulted in higher accuracy compared to the
Enhanced test environment, which in turn resulted in higher
accuracy than the Simple test, demonstrating the value of
richer and more structured testing environments. Interest-
ingly, the trend lines in performance by AI experience level
varied notably by test type: in the Simple test, performance
declined with increased experience, suggesting that this for-
mat may be misleading or insufficiently challenging for more
experienced participants. In contrast, performance remained
relatively stable in the Enhanced test and increased in the
Advanced test, indicating that participants with greater AI
expertise were better able to distinguish between a human
and a chatbot under more structured conditions. Most strik-
ingly, participants with a high level of AI experience reached a
nearly perfect score (97.6%), indicating that under robust eval-
uation, current LLMs are very far from passing the Turing test.
All statistical analyses employ Pearson’s 𝜒2 for independence
test (Pearson, 1900).

The substantial improvement in the Advanced condition is
consistent with Signal Detection Theory (Green & Swets,
1966): the conversation review phase functions as perceptual
training that sharpens participants’ sensitivity to the subtle
cues distinguishing AI-generated from human responses.

Discussion
Intelligence extends beyond textual conversation. Humans
exhibit cognitive abilities that include reasoning, perception,
creativity, motor skills, and emotional awareness. If AI is to
be meaningfully compared to human intelligence, it must be
tested across multiple modalities, incorporating not only text-
based interactions but also other aspects of cognitive function.

Building directly on our empirical results, future iterations
of the Turing test should incorporate the elements that proved
most effective in the Advanced condition: a structured review
phase, incentive mechanisms, and a dual-chat interface. Such
refinements maintain the test’s core strength of evaluating be-
havioral indistinguishability across naturalistic conversation,
while addressing the known limitations of simple, single-chat
formats. Rather than replacing the Turing test with entirely
new benchmarks, these targeted modifications offer a practi-

cal path toward more reliable AI evaluation. A truly compre-
hensive future test may additionally incorporate multimodal
interaction (voice, video), domain-expert evaluators, and real-
world task performance, though these extensions are beyond
the scope of the present study.

Conclusion & Future Work
This study emphasizes the importance of the testing envi-
ronment in evaluating AI conversational abilities through the
Turing test. The results show that the Advanced Turing test
provides a more rigorous and revealing assessment than the
Simple and Enhanced Turing tests. As demonstrated in this
paper, when AI is tested under structured and demanding con-
ditions, its performance declines significantly.

Another key finding is that the ability of human evaluators
to distinguish AI from humans is influenced by factors such
as previous experience with AI. This highlights the need to
consider both AI performance and potential human judgment
biases when designing evaluation methodologies.

Rather than treating the Turing test as a fixed benchmark,
our findings suggest that it should evolve alongside advance-
ments in AI. A more refined and structured approach to eval-
uation is essential to ensure a meaningful assessment of AI’s
conversational capabilities.

A limitation of the current study is the modest sample size
per condition (𝑛 ≈ 28–41). However, the observed effect
sizes were medium to large across all conditions (Cramér’s
𝑉 = 0.35 to 0.62), suggesting the study had sufficient statis-
tical power to detect these differences reliably. In total, 422
unique participants completed the study. No human–human
baseline condition was collected; future work should include
such a comparison to establish an upper bound for human
discriminative performance.

Building on these findings, several areas of future research
can help improve AI evaluation methodologies.

Expanding AI evaluation to multimodal Turing tests is an
essential step. Current tests focus primarily on text-based in-
teractions, but future studies should assess AI in voice and
video-based conversations. Evaluating AI’s ability to repli-
cate human-like behaviors across different communication
channels will provide a more comprehensive understanding
of its strengths and limitations.

Long-term interactions are another critical challenge. AI
models often struggle to maintain logical consistency and
adaptability over extended conversations. Future research
should explore whether AI can sustain coherent and contextu-
ally aware discussions over time, offering deeper insights into
its conversational intelligence.

Additionally, cognitive biases among human evaluators can
influence Turing test results. Future studies should focus on
developing standardized evaluation frameworks, participant
training methods, and bias-mitigation techniques to improve
the reliability and objectivity of AI assessments. Understand-
ing how different demographic groups perceive AI can help
create more fair and accurate testing methodologies.
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