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 A B S T R A C T

As is well known, the Turing Test proposes the possibility of distinguishing the behavior of a machine from 
that of a human being through an experimental session. The Turing Test assesses whether a person asking 
questions to two different entities, can tell from their answers which of them is the human being and which 
is the machine. With the progress of Artificial Intelligence, the number of contexts in which the capacities of 
response of a machine will be indistinguishable from those of a human being is expected to increase rapidly. In 
order to configure a Turing Test in which it is possible to distinguish human behavior from machine behavior 
independently from the advances of Artificial Intelligence, at least in the short-medium term, it would be 
important to base it not on the differences between man and machine in terms of performance and dialogue 
capacity, but on some specific characteristic of the human mind that cannot be reproduced by the machine 
even in principle. We studied a new kind of test based on the hypothesis that such characteristic of the human 
mind exists and can be made experimentally evident. This peculiar characteristic is the emotional content 
of human cognition and, more specifically, its link with memory enhancement. To validate this hypothesis 
we recorded the EEG signals of 39 subjects that underwent a specific test and analyzed their signals with a 
neural network able to label similar signal patterns with similar binary codes. The results showed that, with 
a statistically significant difference, the test participants more easily recognized images associated in the past 
with an emotional reaction than those not associated with such a reaction. This distinction in our view is not 
accessible to a software system, even AI-based, and a Turing Test based on this feature of the mind may make 
distinguishable human versus machine responses.
1. Introduction

1.1. The Turing Test

Alan Turing proposed the Turing Test in his 1950 work ‘‘Computing 
Machinery and Intelligence’’ (Hernández-Orallo, 2020; Müller & Ayesh, 
2012; Oppy & Dowe, 2003; Proudfoot, 2020; Sterrett, 2000; Turing, 
1950). Turing describes the so-called ‘‘imitation game’’, played by 
three people: a man(A), a woman(B) and an interrogator (C). The 
interrogator stays in a different room apart from the other two. The 
main goal of the interrogator is to ask questions to a man (A) and a 
woman (B) room in order to figure out what the gender of the two 
players is. The interrogator has the right to ask questions to A and 
B using a teleprinter. Then Alan Turing poses a new question: ‘‘What 
would happen if a machine takes part in place of man (A)?’’ would a 
machine be able to trick the interrogator as often as man (A) in this 
game? Following Turing, the answer would address the question ‘‘Can 
machines think?’’. Turing’s test has proved to be both very influential 
and much criticized since its introduction, and it has become a key 
notion in AI theory.

∗ Corresponding author.
E-mail address: hao.quan@polimi.it (H. Quan).

1.2. Language Turing Test from large language model (LLM)

Natural Language Processing (NLP) is a field that combines com-
puter science and linguistics to help machines understand and respond 
to human language in a way that is both meaningful and valuable 
(Chowdhary & Chowdhary, 2020; Nadkarni, Ohno-Machado, & Chap-
man, 2011). This field includes tasks such as translating languages, fig-
uring out the feeling behind the text, and summarizing articles (Liddy, 
2001). A big step in NLP has been the creation of large language models 
(LLMs), which can use a great number of data to create texts that 
sounds like a human wrote them. These models seem to understand 
the rules, meanings, and context of language. These models have led 
as an application to the development of advanced chatbots, which 
can have meaningful conversations with people, answer questions, 
create creative content, and do other language-related tasks. LLMs and 
chatbots have greatly improved communication between humans and 
machines, changing many industries and parts of our daily lives (Baby, 
Khan, & Swathi, 2017; Cahn, 2017; Nagarhalli, Vaze, & Rana, 2020).
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Going back in time, Joseph Weizenbaum created the first chat-
bot, Eliza, a mock Rogerian psychotherapist, in 1966 (Weizenbaum, 
1966). In 1972, Kenneth Colby developed a PARRY, which aimed at 
simulating a patient with paranoid schizophrenia by incorporating a 
strategy for conversation (Colby, 2013). Since then, many products 
like Microsoft Bot Framework (Biswas & Biswas, 2018), IBM Wat-
son Assistant (IBM, 2023), Amazon Lex (Amazon, 2023), and Google 
LaMDA (Thoppilan et al., 2022) have been created. ChatGPT and GPT-
4, both by OpenAI (OpenAI, 2023), are two of the most well-known 
products today. ChatGPT, which was released in November 2022, was 
based on GPT-3 models (at the time of this writing, the release is 
GPT-3.5), i.e. third-generation Generative Pre-trained Transformers, 
neural network machine learning models trained using supervised and 
reinforcement learning on internet data to generate any text. The 
way ChatGPT answered questions across many different topics was 
impressive (Wu et al., 2023).

On March 14, 2023, OpenAI released GPT-4. GPT-4 can handle 
more text, is more accurate, can create songs and other creative text in 
different styles, and can even recognize and generate images (Kocoń, 
Cichecki, Kaszyca, Kochanek, Szydło, Baran, Bielaniewicz, Gruza, Janz, 
Kanclerz, et al., 2023), giving accurate text responses. Tests have 
shown that GPT-4 can perform as well as humans on a variety of 
professional and academic tasks, like writing code (Liu et al., 2023). 
For example, GPT-4 passed a simulated law exam with a score in the 
top 10%, while GPT-3.5 scored in the bottom 10%. GPT-4 is also good 
at scientific writing and structuring information, which is hard for other 
NLP models (Elkins & Chun, 2020; Turing, 2009). Additionally, GPT-4 
can understand images and can describe them in detail.

Both ChatGPT and GPT 4 were developed by transformer archi-
tectures, initially trained on large-scale datasets to grasp language 
patterns, and then fine-tuned with human feedback for conversational 
skills. They generate responses by sequentially predicting words, main-
taining context from the conversation, and adhering to ethical guide-
lines to ensure appropriateness and safety in their interactions (Egli, 
2023).

Researchers have tested GPT-4’s ability to understand and create 
text in many of the world’s major languages. They looked at how 
well the model could create sentences that made sense together, fol-
lowed normal storytelling rules, understood complex questions, and 
recognized emotions, irony, and basic worldviews to make logical 
conclusions. In short, both ChatGPT and GPT-4 have reached a high 
level of skill in understanding written text and images and often surpass 
many people’s writing abilities.

Even though ChatGPT and GPT-4 reached an impressive level, they 
still have some trouble in passing the Turing Test: basically, while they 
are really good at many tasks, they have a hard time with tough math 
problems like logic, algebra, and calculus. Lyu et al. (2023).

Moreover, the measures in place to prevent unethical responses 
are not foolproof Ray (2023). While the model might not respond 
to explicit queries about illegal activities, such as bank robbery, it 
can sometimes provide a fictional narrative on the same topic when 
prompted differently. Another limitation is their inability to generate 
new scientific experimental ideas for the research community (Far-
rokhnia, Banihashem, Noroozi, & Wals, 2023), a realm where human 
researchers still reign supreme.

The accessibility of these tools also varies significantly. While the 
free version of ChatGPT can experience latency and slower response 
times during peak periods, the ‘‘PLUS’’ version of GPT-4, which comes 
with image understanding features, is not freely accessible (Salvagno, 
Taccone, Gerli, et al., 2023).

Furthermore, the current version of GPT-4 can process image data 
but lacks the capability to handle video inputs, something that humans 
can do effortlessly. The absence of real-time interactive visual and 
auditory communication is another significant hurdle, making ChatGPT 
seem less human-like in its interactions.
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Moreover, ChatGPT lacks knowledge of users’ personal lives, includ-
ing details about their parents, relatives, and friends. The legal aspects 
surrounding the use of training data by OpenAI and the potential risk of 
personal data leakage during user interactions are additional challenges 
that need to be addressed. Until these legal and ethical questions are 
adequately resolved, the capacity of ChatGPT to successfully face the 
Turing Test remains in question (Lecler, Duron, & Soyer, 2023).

In light of these shortcomings, it is posited that while the latest LLMs 
exhibit proficiency in generating contextually relevant and coherent 
responses, they fall short of emulating the intricacies and complexities 
inherent in human language and behavior, including emotion-driven 
expressions, both textual and facial, and bodily gestures (Sallam, Salim, 
Barakat, & Al-Tammemi, 2023).

1.3. Visual Turing Test

Another area of ML with very rapid progress is image or video 
recognition, another area for which a Turing test may soon prove 
challenging. A Visual Turing Test (Floridi & Chiriatti, 2020; Geman, 
Geman, Hallonquist, & Younes, 2015) has been used to assess how 
computer vision systems interpret images in comparison to humans. 
Computer vision research is a very rapidly developing sector, with the 
objective to create systems that are as near to the human visual system 
as possible. Nevertheless, some recent results show that computers 
still have difficulties passing the visual Turing test (Floridi & Chiriatti, 
2020).

1.4. Reverse Turing Test – CAPTCHA

CAPTCHA stands for ‘‘Completely Automated Public Turing Test 
to tell Computers and Humans Apart’’. The concept was invented by 
Luis von Ahn, Manuel Blum, Nicholas J. Hopper, and John Langford in 
2003 (Von Ahn, Blum, Hopper, & Langford, 2003). Its primary function 
is to assess whether the user is human or a machine, safeguarding 
against automated bot attacks and spam activities. The first version 
of CAPTCHA was suggested in 1997. It requires users to enter a 
sequence of numbers or letters provided in a distorted picture. Unlike 
the traditional Turing Test, which is administrated by people, this test 
is administrated by computers, so CAPTCHAs are usually called Reverse 
Turing tests (Gossweiler, Kamvar, & Baluja, 2009).

In general, there are three types of CAPTCHA (Guerar, Verderame, 
Migliardi, Palmieri, & Merlo, 2021; Kumar, Jindal, & Kumar, 2022; 
Madathil, Greenstein, & Horan, 2019; Singh & Pal, 2014; Xu, Liu, & 
Li, 2020), i.e., text, image, and audio. In the first releases, humans 
were authenticated using text-based CAPTCHAs, which could either 
employ familiar words or phrases or arbitrary sequences of letters and 
numbers. Some text-based CAPTCHAs also incorporated alterations in 
capitalization (Bursztein, Martin, & Mitchell, 2011; Wang, Gao et al., 
2023; Zhang, Ebrahimi, Li, & Chen, 2022). To supplant text-based 
CAPTCHAs, image-based ones were created. These CAPTCHAs employ 
identifiable graphical components, such as animal photographs, shapes, 
or landscapes. Generally, image-based CAPTCHAs mandate users to 
choose images that correspond to a certain theme or to detect images 
that do not fit (Alqahtani & Alsulaiman, 2020; Madathil et al., 2019; 
Sukhani, Sawant, Maniar, & Pawar, 2021). As a substitute that facil-
itates visually impaired users, audio CAPTCHAs were created. These 
CAPTCHAs are frequently used in conjunction with text or image-based 
ones. Audio CAPTCHAs offer an audio rendition of a sequence of letters 
or numbers that the user must enter (Alnfiai, 2020; Choudhary, Saroha, 
Dahiya, & Choudhary, 2013; Gao, Liu, Yao, Liu, & Aickelin, 2010).

Any software able to pass the CAPTCHAs tests may be, in principle, 
utilized to solve difficult unsolved AI issues. In the case of picture 
and text-based CAPTCHAs, if an AI could complete the challenge 
successfully without exploiting faults in a specific CAPTCHA design, 
it would have solved the difficulty of constructing an AI capable of 
sophisticated object identification in scenes. It is expected that the 
Reverse Turing Test in maybe 10–15 years could fail in the network 
security, and a machine will be able to break the security (Chow, Susilo, 
& Thorncharoensri, 2019; Dinh & Hoang, 2023; Guerar et al., 2021).
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1.5. Emotional Turing Test

1.5.1. Current emotion recognition approaches
Current approaches to emotion recognition can be broadly catego-

rized into two main fields: sentiment analysis and affective computing. 
Sentiment analysis focuses specifically on computational text analysis 
to determine emotional orientation and opinions (Bordoloi & Biswas, 
2023; Cambria, Schuller, Xia, & Havasi, 2013; Hamborg, Donnay, 
Merlo, et al., 2021; Sharma, Ali, & Kabir, 2024; Zhang, Deng, Liu, Pan, 
& Bing, 2023).

In contrast, affective computing encompasses a broader multimodal 
approach, processing multiple data streams simultaneously, coming 
from facial expressions, body language, vocal nuances, and physio-
logical signals. Recent advances in deep learning have significantly 
improved both fields, but significant challenges remain.

For example, with regard to video processing in affective comput-
ing, currently the search for features using moving images in general 
still originates from static techniques, while it is important to be 
able to follow the dynamics of microexpressions that contribute to 
expressiveness (Li, Zhan, Xu, & Wu, 2019; Wang, Li et al., 2023).

The same problem is found in speech emotion recognition, for 
which work is being done on handling time synchronization of stacked 
networks. Here, too, further progress is needed (Al-Dujaili & Ebrahimi-
Moghadam, 2023; Bhangale & Kothandaraman, 2023; de Lope & Graña, 
2023; Li & Deng, 2020; Mellouk & Handouzi, 2020; Shen, Liu, Wang, 
Wang, & Zhou, 2024).

Multimodal analysis technology combines the search for emotional 
features in the subject’s expressions and speech with that obtained 
through the analysis of physiological signals such as EEG (Electroen-
cephalography), fMRI (functional Magnetic Resonance Imaging), ECG 
(Electrocardiogram), HRV (Heart Rate Variability), EMG (Electromyo-
graphy), GSR (Galvanic Skin Response) as well as gesture analysis and 
other data sources.

Several methods have been studied for the extraction of emotional 
features from EEG (Geng, Shi, & Hao, 2024; Liu, 2024). A more 
advanced method is the ‘‘cross-perception’’ that captures and inte-
grates the complementary information provided by EEG and fMRI 
data (Carmichael et al., 2024; Huster, Debener, Eichele, & Herrmann, 
2012; Qin, Zong, & Liu, 2024).

Recently, multimodal approaches that integrate diverse
non-homogeneous sources of information – including video, voice, 
and physiological signals – have been developed, proving particularly 
effective in emotion recognition tasks (Ahmed, Al Aghbari, & Girija, 
2023; Bhatlawande, Shilaskar, Pramanik, & Sole, 2024; Fu et al., 2021; 
Gao, 2024; Gao, Li, Chen, & Zhang, 2020; Gohumpu, Xue, & Bao, 2023; 
Haque et al., 2024; Hatipoglu Yilmaz, Kose, & Yilmaz, 2024; Ilyas, 
Nunes, Nasrollahi, Rehm, & Moeslund, 2021; Kraack, 2024; Lian et al., 
2023; Liu et al., 2023; Luo et al., 2022; Medjden, Ahmed, & Lataifeh, 
2020; Saxena, Khanna, & Gupta, 2020; Wu & Li, 2023).

An advanced multimodal dataset is DEAP (Gong, Jia, Wang, Zhou, 
& Zhang, 2023; Koelstra et al., 2011) that collects signals from EEG, 
respiration amplitude, skin temperature, blood volume pressure by 
plethysmograph, ECG, HRV, EMG, EOC (electrooculogram), functional 
Near Infrared Spectroscopy (fNIRS), ECG, GSR, EMG. Frontal face 
videos are also recorded.

1.5.2. Applications
Despite current limitations, this field of research has already re-

sulted in wide-ranging applications. In healthcare, these technologies 
enable better patient care and pain detection (Chubarov & Azarnov, 
2018; Fei et al., 2020; Kusal, Patil, Kotecha, Aluvalu, & Varadarajan, 
2021). Educational applications focus on student engagement assess-
ment (Chen & Wang, 2011; Gehl, 2013; Wang, Xu, Niu, & Miao, 
2020), while marketing applications analyze consumer reactions (Na-
tale, 2021; Stark, 2019). The latest developments also enhance human–
computer interaction (Jacquet, Jamet, & Baratgin, 2021; Neufeld & 
Finnestad, 2020; Wheeler, 2020).
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Models of emotion analysis are already available that can be used 
to examine the personality of subjects. The paper (Liu et al., 2022) 
proposes a cross fertilization between deep learning and emotional 
psychology. It acquires expressive features through video, and maps 
the outputs through several well-known emotion classification systems, 
showing about 80% agreement with current personality tests.

Machine Learning methods are used in composition to process voice 
traces, images, text, and physiological signals (BCI based emotion 
recognition) (Erat et al., 2024; Floreani, Orlandi, & Chau, 2022; Nagels-
Coune, Riecke, Benitez-Andonegui, Klinkhammer, Goebel, De Weerd, 
Lührs, & Sorger, 2021) and by integrating we arrive at not only clas-
sification but also quantification, up to individual trait identification, 
which is useful in computational psychology and psychiatry for identi-
fication and quantification of traits such as depression, anxiety, stress, 
facilitates monitoring, diagnosis and treatment (Baig & Kavakli, 2019; 
Huang, 2021; Li et al., 2019; Liu, 2024; Pan et al., 2022; Xiao & Wu, 
2023).

1.5.3. Taxonomy of emotions
While sentiment analysis leverages text-based models like Plutchik’s 

wheel of emotions, which identifies 8 primary and 24 complex emo-
tions, affective computing integrates various sensory inputs through 
machine learning techniques to capture a more comprehensive emo-
tional state. The field has evolved from early systems focused on 
Ekman’s six basic emotions (Ekman & Friesen, 1971; Keltner, Sauter, 
Tracy, & Cowen, 2019; Russell, 1991) to more sophisticated approaches 
using dimensional models (Reisenzein et al., 2013; Russell, 1980).

But current systems particularly struggle with complex emotional 
states such as fatigue, anxiety, satisfaction, confusion, and frustra-
tion (Canal et al., 2022; Lee, Kim, Kim, Park, & Sohn, 2019; Misra & 
Gaj, 2006; Zhang et al., 2022).

These limitations are especially evident in real-world scenarios
(Achlioptas, Ovsjanikov, Guibas, & Tulyakov, 2023), where contextual 
understanding becomes crucial. While deep learning models can ef-
fectively identify basic emotions, they often fail to comprehend the 
underlying complexities or contextual implications of emotional expres-
sions (Canal et al., 2022; Ge, Zhu, Dai, Wang, & Wu, 2022; Sarvakar 
et al., 2023; Wang, Song et al., 2022). This gap between algorithmic 
recognition and human-like emotional understanding remains one of 
the key challenges in developing truly empathetic human-technology 
interaction systems (Maruf et al., 2024; Al-Saadawi, Das, & Das, 2024; 
Kalateh, Estrada-Jimenez, Hojjati, & Barata, 2024; Xu, Lin, Zhou, & 
Shan, 2024).

However, much work still needs to be done on the classification of 
emotions, which is still extremely coarse compared to the palette of 
emotional nuances subjectively felt by human beings.

1.5.4. Comparison with our method
Only a few studies have explored the emotional Turing Test, aim-

ing to distinguish humans from machines based on emotional re-
sponses (Elkins & Chun, 2020; Floridi & Chiriatti, 2020; Ho, 2022). 
These studies concentrate on textual contents and reveal that machines 
often err in interpreting human emotions. A multimodal emotional AI 
model capable of attempting a Turing Test has not yet been developed. 
This difficulty underscores the need for a new framework in AI devel-
opment — one that capitalizes on the distinct characteristics of the 
human mind, encompassing a reimagined approach to understanding 
and integrating the emotional framework (Ho, 2022; Olague, Olague, 
Jacobo-Lopez, & Ibarra-Vazquez, 2021; Wheeler, 2020).

Our research highlights fundamental differences between compu-
tational emotion recognition and human emotional processing. While 
recent advances in multimodal Artificial Intelligence systems have 
shown promising progress, as described above, significant limitations 
remain in processing complex emotional intersections.

The challenge extends beyond simple emotion recognition to un-
derstanding the complex interplay between different emotional stim-
uli. While comprehensive emotion datasets exist (kapodi, 2024), they 
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typically focus on isolated emotional expressions rather than the dy-
namic integration of multiple emotional cues that characterizes human 
emotional processing. Current systems can extract emotional informa-
tion from facial expressions or analyze emotional content separately, 
but struggle with integrating multiple emotional cues - particularly 
when dealing with neutral facial expressions modified by contextual 
emotional factors.

It is crucial to note that while current AI approaches focus on detect-
ing emotions directly expressed in the input data, our proposed method 
addresses a fundamentally different aspect of emotional processing. 
Our approach examines how emotions that are not explicitly present 
in the target stimuli, but rather emerge from contextual associations, 
influence memory and recognition.

This fundamental difference in approach makes direct quantitative 
comparisons between our method and current AI emotion recogni-
tion systems methodologically inappropriate, as they address distinctly 
different aspects of emotional processing. While current emotional 
Turing tests focus on the machine’s ability to recognize and respond to 
explicit emotions, our method examines the deeper cognitive-emotional 
mechanisms that characterize human intelligence. Current limitations 
underscore the need for new approaches that can address the multi-
faceted nature of emotional cognition, particularly in understanding the 
subtle interplay between emotions, memory, and social context.

1.6. Cognition and emotions in humans

1.6.1. Neurophysiology of emotions
The idea underlying this paper and the novel kind of Turing Test 

we are going to propose has its foundation in the neurophysiology of 
emotions.

Emotions are complex processes triggered by sensorial or intero-
ceptive1 stimulations (Adolphs, 2002; Etkin, Büchel, & Gross, 2015; 
Kober et al., 2008; LeDoux, 2000; Pessoa, 2018) and involve multiple 
brain regions working in concert. These structures interact with each 
other and with sensory inputs to generate emotional experiences and 
guide behavioral responses. The specific activation and connectivity of 
these brain regions can vary depending on the type of emotion being 
experienced and the individual’s unique responses to different stimuli.

This complex network of interconnected brain structures includes 
specifically Amygdala, Hypothalamus, Hippocampus, Cingulate Cortex 
and ventromedial Prefrontal Cortex (Adolphs, 2002; Etkin et al., 2015; 
Pessoa, 2008, 2018), although many other areas are involved.

Amygdala (Anderson & Phelps, 2001; Phelps & LeDoux, 2005) is a 
small, almond-shaped structure located deep within the temporal lobe 
plays a central role in the processing and regulation of emotions, espe-
cially fear and aggression. The amygdala is involved in evaluating the 
emotional significance of stimuli and triggering appropriate emotional 
responses.

Hypothalamus (Masserman, 1941; Zimmerman, 2016) is a region lo-
cated below the thalamus. It is involved in various autonomic functions 
and also plays a role in emotional regulation. The hypothalamus can 
influence emotional responses by modulating physiological processes 
like heart rate, blood pressure, and hormonal release.

Hippocampus (Phelps, 2004) is primarily associated with memory 
and learning, but it also has connections with the amygdala and plays 
a role in associating emotions with memories. This can impact the 
emotional significance and recall of past experiences.

Cingulate Cortex (Stevens, Hurley, & Taber, 2011) is connected to 
various other brain regions, including the amygdala and Prefrontal 

1 Interoception refers to the perception and awareness of bodily sensations, 
such as heartbeat, breathing, or hunger. Emotional responses can also be 
triggered by interoceptive stimulations without conscious awareness of the 
specific physiological changes.
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Cortex and is implicated in emotional empathy, playing a role in 
regulating emotional responses.

Amygdala, Hypothalamus, Hippocampus, and Cingolate Cortex
identify the so-called Limbic system. The Limbic system is closely 
connected with other brain regions involved in the control of higher 
cognitive functions, such as the frontal lobe.

In particular, the ventromedial Prefrontal Cortex (vmPFC) (Suzuki 
& Tanaka, 2021; Winecoff et al., 2013) is involved in emotional reg-
ulation, decision-making, and social behavior. It helps to control and 
modulate emotional responses, allowing for more adaptive behavior 
and appropriate social interactions.

However, brain areas deputed to seeing faces and listening to music 
are also involved in the experiment we are going to present.

Music listening involves various brain areas that work together to 
process different aspects of the music (Alluri et al., 2012; Baumgartner, 
Lutz, Schmidt, & Jäncke, 2006; Janata, 2009; Koelsch, 2014; Peretz & 
Zatorre, 2005; Salimpoor et al., 2013; Watanabe, Yagishita, & Kikyo, 
2008). It is a highly complex process that engages multiple brain areas 
simultaneously, and these regions often interact with each other to cre-
ate our overall musical experience. Additionally, individual differences 
in musical training, cultural background, and personal preferences can 
influence how these brain areas respond to and process music.

Auditory Cortex (Alluri et al., 2015; Kanwisher, McDermott, & 
Chun, 1997; Liégeois-Chauvel, Bénar, Krieg, Delbé, Chauvel, Giusiano, 
& Bigand, 2014) is the primary region responsible for processing audi-
tory information. It receives and analyzes sound signals from the ears, 
helping to decode basic elements of music such as pitch, rhythm, and 
timbre.

But still, the Prefrontal Cortex, Hippocampus, and Amygdala (Baum-
gartner et al., 2006; Koelsch, 2014; Watanabe et al., 2008) are involved: 
Prefrontal Cortex plays a role in processing and analyzing complex 
musical structures and patterns. The hippocampus helps in recognizing 
familiar melodies and tunes, allowing us to recall and connect emotion-
ally to specific musical pieces. The amygdala plays a crucial role in the 
emotional response to music. The Amygdala’s involvement contributes 
to why certain music can evoke strong emotional reactions and can 
influence mood.

The specific brain areas involved in watching faces are the Oc-
cipital Face Area (OFA) (Baumgartner et al., 2006; Pitcher, Walsh, & 
Duchaine, 2011), situated in the occipital lobe, which is responsible 
for early processing of facial features and their configurations.

Moreover, these already mentioned areas play a role even in face 
recognition: Amygdala plays a role in attaching emotional signifi-
cance to facial expressions, particularly threat-related expressions. The 
prefrontal Cortex is involved in interpreting facial expressions in so-
cial contexts and making judgments about others’ mental states. The 
hippocampus plays a role in processing known and familiar faces 
and connecting them with past experiences and memories. Finally, 
Insula helps in experiencing and understanding the emotions conveyed 
through facial expressions (Brooks et al., 2012; Krolak-Salmon, Hénaff, 
Vighetto, Bertrand, & Mauguière, 2004; Liégeois-Chauvel et al., 2014).

1.6.2. Neurophysiological roots of the connection between emotions and 
memory

The key point of the Turing Test we wish to propose is to search for 
the difference between human and machine memory recall capabilities 
by exploiting a specificity of the human mind, namely the brain’s 
ability to process cognitive functions such as recognition and memory 
integrating them with emotional ones.

The relationship between emotions and memory is intricate and 
profound. Emotions can significantly enhance attention and focus, 
influencing the encoding, consolidation, and retrieval of memories, and 
shaping our ability to remember and recall past events and experiences.

One of the key aspects of the relationship between emotions and 
memory is that emotionally charged events tend to be remembered 
more vividly and accurately compared to neutral events. The emotional 
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arousal associated with an event can enhance the encoding process, 
making the memory more robust and easier to recall  (Brooks et al., 
2012; Buchanan, 2007; Mather & Sutherland, 2011; McGaugh, 2000; 
Rimmele, Davachi, Petrov, Dougal, & Phelps, 2011; Sharot & Phelps, 
2004; Talarico & Rubin, 2003).

Amygdala probably plays a crucial role in the influence of emotions 
on memory (Phelps, 2004). As above mentioned, it is involved in 
processing emotional significance and is particularly important for the 
consolidation of emotionally charged memories.

Moreover, emotions, particularly stress and arousal, can trigger the 
release of stress hormones, such as cortisol and adrenaline (Buchanan 
& Lovallo, 2001; Cahill & McGaugh, 1995; Critchley & Harrison, 2013; 
Kensinger & Schacter, 2006; Mather & Sutherland, 2011; Phelps & 
Sharot, 2008; Strange, Hurlemann, & Dolan, 2003; Talarico & Rubin, 
2003). These hormones can modulate memory processes, affecting both 
short-term and long-term memory formation and allowing emotionally 
charged events to be remembered more vividly and persistently than 
neutral event. It must be mentioned that in specific cases, high levels 
of stress hormones may, vice versa, impair memory.

In summary, emotions play a crucial role in shaping how memories 
are encoded, consolidated, and retrieved, thanks to the involvement of 
specific brain regions and the influence of stress hormones in a quite 
complex way.

1.6.3. Emotions and awareness
Emotions can be elicited by conscious awareness of external events 

or stimuli. But they can also be triggered by stimuli that operate 
outside of conscious awareness. Subliminal or subtle sensory cues, 
such as facial expressions, body language, or brief auditory or vi-
sual signals, can influence emotional responses without the person 
consciously perceiving the triggering stimulus (Dehaene, Changeux, 
Naccache, Sackur, & Sergent, 2006). Research in psychology and neuro-
science has demonstrated that unconscious and interoceptive processes 
can play significant roles in shaping emotional experiences (Marg, 
1995; Phelps, 2006). Subconscious processes in the brain, often in-
volving the amygdala and other limbic system structures, can pro-
cess emotional information, thus behavior, before it reaches conscious 
awareness.

As we will see in the next paragraphs, the role of emotions, the 
influence of emotions on memorization and recall, and the possibility 
that emotional information is processed by the brain even outside of 
awareness identify a specificity of the human brain that we believe is 
not easily reproducible by a software. On this basis, we set up the new 
Turing Test we intend to propose.

2. Materials and methods

2.1. Proposal for a new Turing Test

The working hypothesis underlying this research is based on the 
observation that, in order to be recorded in memory and then recalled 
at later times and used for analogies, discriminations, deductions, 
inductions, or abductions, emotions in human beings do not necessarily 
have to pass through conscious attention, as is the case with percep-
tions. Conversely, the machine, by definition, can acquire and register 
information only if its sensors detect it within their specific focus or if it 
reads it as a digital datum, and to use it later, it must necessarily recall 
it entirely from memory: the machine can handle emotions in the only 
way that is inherently possible for it, that is, by acquiring or recalling 
them from memory as is the case with perceptions.

It is therefore interesting to identify a test that asks questions involv-
ing the substrate of emotions that remains outside consciousness and 
are accessible to the human being, but not accessible to the machine.

The brain, in fact, can be considered having two cognitive levels, 
one rational and the other emotional, which are inextricably inter-
twined by neural feedbacks that interconnect several brain areas, as 
detailed in paragraph 1.6.
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We hypothesize that each perception engages a part of the emo-
tional substrate, which does not need the conscious attention focus to 
be activated. Consequently, a test involving the association of percep-
tions that have never been directly associated but can be associated 
through unconscious or preconscious emotions should give different 
results when comparing machine and human beings.

A test based on this criterion was designed and administered to 39 
subjects of different genders, ages, and professions through the online 
platform EMOTIVLABS made available by EMOTIV Inc, that produces 
EEG wearable hardware and software systems (Badcock et al., 2015; 
Emotiv, 2023; He et al., 2023; Khiani et al., 2022; Torse, Khanai, Pai, & 
Iyer, 2022; Williams et al., 2023; Williams, McArthur, de Wit, Ibrahim, 
& Badcock, 2020; Xolmurotova & Adilova, 2023).

2.2. Description of the experiment

This experiment was approved by the Ethics Committee of the 
University of Milan by opinion MP_88_21 dated 9/15/2021.

Following the guidelines of the Ethics Committee of the University 
of Milan, test participants signed a release form after reading and 
understanding an information sheet specifying the test procedures. 
After reviewing the test, the Ethics Committee established that the 
information sheet would include the statement ’There are no known 
risks either in viewing the videos and images or in acquiring EEG 
signals from the EMOTIV headset.’

It should also be noted that participants could only be EMOTIV 
EEG headset owners, therefore by choice accustomed to wearing the 
headset, and due to the nature of research and experiments carried 
out by owners of these headsets, used to receiving sensory stimuli of 
different nature for the purpose of developing or using software to 
analyze and interpret the resulting signals.

Furthermore, research has consistently shown that experiments in-
volving emotional stimuli and EEG recordings typically do not cause 
significant participant distress. Badcock et al. (2015) in their validation 
study of the EMOTIV EPOC EEG system specifically assessed participant 
comfort and found no adverse effects. Similar findings were reported 
by Williams et al. (2023) in their study of crowdsourced EEG experi-
ments using EMOTIVLABS, confirming the safety and low-stress nature 
of such protocols. Studies involving emotional stimuli presentation, 
such as those reviewed by Olague et al. (2021) have established that 
brief exposure to emotionally charged content in controlled experimen-
tal settings does not typically induce lasting psychological effects or 
significant distress in participants.

The experiment consists of three phases, which together take ap-
proximately 10 minutes:

1. A first training phase, in which the participant watches a video 
absorbing a series of visual and auditory sensations. The video 
consists of an animated red background accompanied by music 
apt to be possibly remembered with intense emotion (fear) (Fig. 
1(a)).

2. A second training phase, where the participant is administered 
a series of images consisting of 18 women’s faces on a white 
background, accompanied by three pieces of music, each accom-
panying 6 faces. One of the music pieces is the background music 
of the previously administered video (Fig.  1(b)).

3. A third phase (testing), in which the degree of memorization 
of what the participant has learned in the training phase is 
assessed.

Participants are administered the same 18 faces in random order, 
this time represented with the same red background as in the video.

Then, they are asked to rate the extent to which each of these images 
reminds them of an image already seen during training, indicating a 
value on a scale of 1 to 10 (1 — no memory, 10 — very sharp memory) 
(Fig.  1(c)).
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Fig. 1. The experiment.

It is observed that there is no previous association between faces 
and red background. However, the purpose of the experiment is to 
assess whether faces that during training were accompanied by the 
same music in the video are more easily recognized.

Our previous research hypothesized (Pizzi, 2020) that human beings 
possess a substrate (not dependent on conscious attention) that asso-
ciates perceptions and emotions in an integrated binding that persists 
in the unconscious. The moment conscious attention rests on an image, 
if it is composed of elements that have in the past triggered an emotion, 
that emotion is evoked along with the other emotions in the binding, 
each linked to its own perceptions.
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In this case, the red background evokes the emotion triggered by 
the video, which is connected by binding to the same music that was 
also present in some of the images of women’s faces.

For this reason, the participant, seeing a face on a red background, 
should more easily recognize the faces that were accompanied by the 
music of the video in the training phase.

According to the working hypothesis, this would not be possible for 
a computer because it did not store any association between women’s 
faces and the red background.

2.3. Rationale of the new Turing Test

The proposed Turing Test consists in comparing the performance 
of human and machine in recognizing various women’s faces already 
previously read/seen, as mentioned above. The experimental workflow 
of the Turing Test can be followed through the flowchart in Fig.  2.

Both the computer and the research participants are made aware of 
the following:

• a video that associates a music with the color red (RED Music1);
• images that associate the same Music1 with a group of women’s 
faces;

• images that associate other music (Music2, Music3) with two 
other groups of women’s faces.

After reading the various files, with an appropriate Machine Learn-
ing system, the computer would then be able to show that it knows:

• the video (RED Music1);
• all images with women’s faces;
• the association between the women’s faces and the related music.
However, our hypothesis is that this information does not allow it 

to predominantly recognize the women’s faces that had been presented 
in the training together with the same music as the video.

In fact, the software has no way to predominantly connect such 
images with the video RED Music1 and with the images of women’s 
faces that had been presented to it together with Music1, because the 
software does not have any information that connects them in a unique 
framework.

The situation for the human participant is different.
In fact, when she or he watches the video, the drama of the music 

triggers in the participant an emotion related to the video as a whole 
(‘‘RED Music1’’). So, at the end of watching the video, an emotional 
layer surrounds both the music and the red color as a whole: a specific 
emotional connection between ‘‘Music1’’ and ‘‘RED’’ occurs. It must 
be noted that the color red alone does not (in general) arouse any 
particular emotion, being part of common perceptions.

Next, the participant is presented with images of women’s faces 
with musical backgrounds (Music1, Music2, Music3). Now, the images 
previously paired with Music1 have the possibility of triggering the 
same emotion felt while watching the video ‘‘RED Music1’’.

At the time of the test, when the participant views images with 
women’s faces, all of which have red backgrounds, he or she will be 
able to remember more easily those that were presented with the same 
background music (Music1) as the video, i.e. the Image1 group, because 
those faces were stored with the emotional substrate ‘‘RED Music1’’. 
The emotion connecting red color and video music is not conscious, but 
it exists. As seen in paragraph 1.6.3, awareness is not necessary for emo-
tions to integrate with the cognitive system to enhance memorization 
and recall.

This emotional substrate that associates the video, the training faces 
with the same music as the video, and the same images in testing, thus 
allowing the memory of those images to be enhanced, is not present in 
ML software (see Fig.  3).

Conversely, human beings add to each perception that is submit-
ted to them an emotional substrate that possesses intersections with 
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Fig. 2. Training: humans see 1 video with RED background and Music 1, 1 video with 6 faces and Music1, 1 video with 6 faces and Music2, 1 video with 6 images and Music3. The 
machine is subministered 12 images with RED background AND Music1, 6 images with Music1, 6 images with Music2, 6 images with Music3. Testing: humans are subministered 
the same 18 faces with RED background. Machine is subministered the same 18 faces with RED background.

Fig. 3. MACHINE TRAINING: During training, the software simultaneously memorizes the perception of images and music. MACHINE TESTING: During testing, the software 
remembers the RED image presented along with the faces, but this is never associated with any face. Consequently, for the software there is no difference in the recall of various 
face images, because it was never able to associate any face with the RED image.

Neural Networks 187 (2025) 107362 
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Fig. 4. HUMAN TRAINING: The participant is presented with four series of images and sounds. The first series consists of scary music (Music1) accompanied by a 2-minute video 
showing a series of images with a red background (RED). Subsequently, 18 face images are presented, divided into 3 series (Image1, Image2, Image3), each accompanied by 
music. The Image1 face series is accompanied by the same Music1 present in the first series with RED images. It is hypothesized that participants develop an ‘‘emotional shell’’, 
individually more or less conscious, corresponding to each of these four perceptual/emotional events. The perceptual/emotional event Image1+Music1 will develop an emotional 
shell that intersects with the one generated by viewing the first series RED+Music1. HUMAN TESTING: The testing consists of presenting 18 face images, identical to those shown 
in training but with the same RED background used in the first video, RED+Music1. The key point is that during training there was no perceptual association between face images 
and RED background. As shown in the figure, the ‘‘emotional shells’’ present in the participants’ minds overlap. However, the intersection between these shells is not equivalent. 
For test images corresponding to Image1 from training, there will be an intersection with the RED+Music1 emotional shell, involving not only the RED color but also Music1. 
Consequently, the recall of Image1 images will be easier in (Test1) compared to Image2 and Image3 images, i.e., (Test2) and (Test3).
other substrates belonging to other perceptions, which allows them to 
enhance the memory related to those perceptions. As shown in Fig.  4, 
the intersection between perceptions and emotions is more distinct and 
larger than in the case of an ML system and can lead to easier recall.

As seen in paragraph 1.5, currently, ML is able to recognize only a 
few primary emotions from texts or images, but it is very difficult to 
imagine how it can derive even in the medium-term information fine 
enough to enable it to emulate the human neurophysiological system 
from the point of view of the interaction among emotions and between 
perceptions and emotions.

In the following, we will show that the test administered to the 
research participants appears to validate this theory.

2.4. Results of the human test

All 39 participants in the experiment were members of the EMO-
TIVLABS community using EPOC EEG wireless headsets with 14 elec-
trodes or EMOTIV more advanced models.

Most participants were from Australia (11), USA (7) and Italy (7). 29 
participants were males, 10 were women, and the average age was 31. 
Most of them (33) listen to music assiduously or play an instrument. 33 
of them associate memories to music at least occasionally. 28 believe 
that the first video was important for the scores of the testing phase.
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When asked about a specific impression that motivated their an-
swers, 15 mentioned the facial features, but 18 mentioned music, and 
6 mentioned the red color or the fear evocated by the music in the 
video (elements not present in the testing phase).

The responses to these general questions are associated randomly 
with greater or lesser recognition of the group of faces presented 
with Music1, supporting the hypothesis that the ability to connect 
perceptions with an emotional substrate is often unconscious and is a 
property of all minds.

Nonetheless, the maximum score difference in recognition between 
groups of faces, favoring faces previously presented with Music1, be-
longs to people who expressed as a reason for better recognition: 29 
participants: music 16 participants: red color 13 participants: expres-
sions and emotions in the faces 3 participants specifically mentioned 
the video as the reason for the best recognition.

Indeed, the difference between recognizing the faces previously 
presented with the same music of the video versus recognizing the other 
faces was statistically significant. In fact the analysis performed with 
a 2-tailed paired Student’s t-test (Welch), significance level 𝛼= 0.05, 
gave 𝑃 -value = 0.01445 (as shown in Table  1). That is, the participants 
recognized the faces previously presented with the same music of the 
video more easily than the others.
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Table 1
Comparison between participants’ recogni-
tion of different groups of images — Stu-
dent’s t-test results.
 Parameter  
 Sample size 39  
 Average of differences −32.8205 
 SD of differences 79.9654  
 t −2.5632  
 P-value 0.01445  

2.5. EEG signal processing

Another interesting analysis was obtained from the EEG signals 
recorded from the participants. The neurophysiological reactions to 
different videos and images were flagged with markers, allowing the 
reactions to individual perceptions to be analyzed and compared to 
each other. For this purpose, a self-organizing ANN developed by our 
group (Pizzi, 2020; Pizzi, Cino, Gelain, Rossetti, & Vescovi, 2007; Pizzi, 
de Curtis, & Dickson, 2003; Pizzi, Musumeci, et al., 2017a, 2017b; Pizzi 
et al., 2009) (ITSOM, Inductive Tracing Self-Organizing Map) was used. 
ITSOM makes it possible to identify mental states from EEG signals, 
allowing each portion of the signal referring to the individual reaction 
to be identified with a specific binary code.

The Self-Organizing Map (SOM) (Kohonen, 1990) features are well 
known. Also well known are its limits in classifying topologically 
entangled input structures. To overcome these limits we developed the 
ITSOM architecture based on the following observation: even though 
the SOM winning weights vary at any given presentation epoch, their 
temporal sequence tends to repeat itself. The dynamical properties of 
the SOM have been investigated (Ermentrout, 1992; Ritter & Schulten, 
1986, 1988), and show periodic oscillations and limit cycles. In par-
ticular we observed that the sequence of winning weights constitutes 
chaotic attractors that univocally characterize the input element that 
has determined them. Thus these sequences make it possible to finely 
classify the corresponding input value. In Pizzi et al. (2017a) the 
analysis of the underlying dynamical system is performed.

The ITSOM architecture implies that the winning weight represents 
an approximation of the input. At every epoch the new winning weight, 
along with the weight that won in the previous epoch, constitutes a 
second order approximation of the input value, and so on, creating in 
time a specific configuration.

After a limited number of epochs (400 in this proposed application), 
the ITSOM is stopped, and the quasi-periodical time sequence of win-
ning neurons is processed, giving rise to numeric configurations that 
characterize univocally the input signals that produced them, as shown 
in Fig.  6.

In this way it is possible to derive the input value by comparing 
the specific configurations of each input with a set of reference con-
figurations, whose value is known. Thus a real process of induction 
is realized, because once a vector quantization many-to-few from the 
input layer on the weight layer is carried out, a few-to-many step is 
operated from reference configurations to the whole input, as shown 
in Fig.  5.

This form of induction is much finer than the one obtainable from 
the only final winning neurons of the SOM network, because the choice 
among a set of competitive layer neurons is too limited to provide a 
meaningful classification. Instead the possible ITSOM outputs are 2n, 
where n is the number of neurons of the competitive layer, that make 
it possible to finely discriminate the input features.

The best suited algorithm to recognize the configurations created 
by the network has proved to be a z-score-based one. The cumulative 
scores for each input are normalized according to the distribution of 
the standardized variable z given by 
𝑧 =

𝑥 − 𝜇 (1)

𝜎
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where 𝜇 is the average of the scores on the neurons of the competitive 
layer and 𝜎 is the standard deviation. Once set a threshold 𝜏, which 
therefore constitutes one of the hyperparameters of this type of network 
(2), 
0 < 𝜏 ≤ 1 (2)

each configuration of winning neurons is represented by a binary 
number formed by as many ones and zeros as many the output layer 
neurons (3). Then it is immediate to use these binary numbers as 
templates of the input patterns. 

𝑧 =

{

1,  for 𝑧 > 𝜏
0,  for 𝑧 ≤ 𝜏

(3)

In our case, each input pattern (in this case, a portion of the signal 
corresponding to a specific video or image and collected from a specific 
electrode, filtered with Gamma or Beta frequency) is represented by a 
binary code.

These codes are easily comparable, so the ANN allows a fine classi-
fication of the signal on the basis of its dynamical self-organization in 
time. The flexibility of the ANN allows to attribute the same codes to 
similar sensory or cognitive events, well differentiated from the codes 
corresponding to different stimuli, as shown in Fig.  6.

A unique hyperparameter configuration was used for all analyses 
so that the resulting binary codes, set to 10 bits, could be directly 
compared.

On the basis of the results of their responses highlighted in the 
previous paragraph, we chose to compare the signals of the three 
participants who best recognized the images coupled with the music 
in the video (group Y) and the three subjects who to the least extent 
saw distinctions between the three groups of images (group N).

2.6. Signal preprocessing

The EMOTIV headsets used by experimenters could be of different 
types, but the minimum required model was EMOTIV EPOC+ v.1.1 with 
14 electrodes. This type of headset has a sampling rate of 2048 Hz, 
bandwidth 0.1–45 Hz with notch filters at 50 and 60 Hz, and a built-in 
digital 5th order Sinc filter, which is a low-pass filter useful for reducing 
high-frequency noise, limiting signal bandwidth preventing aliasing, 
overall improving signal quality. After applying the low-pass filter at 
64 Hz, the signal no longer contains frequencies above 64 Hz.

Subsequently, the data are downsampled to 128 Hz or 256 Hz 
for transmission without loss of significant information, thanks to the 
previous filtering. The high internal sampling frequency allows for 
more precise filtering before downsampling, then downsampling re-
duces the amount of data to be transmitted, optimizing battery usage 
and bandwidth.

Furthermore, the EMOTIV system contains a procedure called EEG 
Quality, a set of algorithms that automatically determine the signal 
quality based on multiple metrics, assessing whether the recording data 
accurately capture the underlying brain signal. These metrics include:

-ML Signal Quality (SQ): A machine learning algorithm trained on 
high-quality EEG recordings that were assessed and collected by the 
EMOTIV Research team.

-Contact Quality (CQ) : an impedance measurement that indicates 
the quality of the electrical signal passing through the sensors and the 
reference

-Signal Magnitude Quality (SMQ): a measure of the signal ampli-
tude. Sometimes, the above metrics i.e. CQ, and SQ are good but the 
signal amplitude is very small, therefore small power fluctuations in the 
FFT would be undetectable. Often, this is due to poor sensor hydration 
or poor scalp contact.

Each of these metrics is important in determining the signal quality 
and allows the user to acquire the signal only when it exceeds a 
sufficient EEG Quality score.
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Fig. 5. The Inductive Tracing Self Organizing Map (ITSOM) architecture. Vector quantization is realized over time and identifies a time series of winning neurons that uniquely 
characterize the input. This enables a many-to-one induction process from different input sequences to a unique template.
Fig. 6. The ITSOM ANN: each signal segments corresponding to a specific perception gives rise to a quasi-periodic sequence of winning neurons, each one transformed into a 
binary code.
2.7. Artifact management

Before starting, the experimenter is advised to remain still and 
relaxed and is trained to correctly position the electrodes and check 
EEG quality.

Despite these precautions, some muscle artifacts are inevitable. 
However, to manage muscle artifacts in EEG, low-pass filters are mainly 
used because most of these are characterized by high frequencies. As 
seen, the adopted low-pass filter limits the bandwidth to 45 Hz.

To prepare the signals for subsequent analyses, the following pro-
cedures are also implemented:

-Signal re-referencing, aimed at reducing noise common to all elec-
trodes and improving the signal-to-noise ratio. We adopted the in-
terquartile mean, robust against outliers and artifacts. This process 
helps isolate the specific brain activity of each area, removing signals 
that are common to all electrodes.

-High-pass filtering (typically with cutoff frequency of 3 dB at 
0.5 Hz) is used to remove unwanted low-frequency components from 
the signal. This filtering eliminates slow signal drift caused by sweating, 
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slow movements, and variations in electrode-skin impedance, also pre-
serves EEG components of interest (typically above 1 Hz) and improves 
baseline signal stability.

-Slew rate limitation (typical value: 30 μV/sample). This technique 
limits the maximum rate of signal variation between consecutive sam-
ples. The system imposes a maximum limit of 30 μV on the amplitude 
difference between two successive samples: amplitude changes that ex-
ceed this threshold are automatically limited to the maximum allowed 
value. This technique is effective for attenuating movement artifacts, 
reducing the impact of electrostatic disturbances, and filtering sudden 
peaks and transients that do not belong to the EEG signal.

As in our mentioned previous research, signals from electrodes 
P7, F7, O1, T8 were processed because they were identified as most 
significant for our study. In more detail:

• T8 (Temporal 8), is located on the right side of the scalp, over 
the temporal lobe. The temporal lobes are involved in auditory 
processing, memory, and language comprehension. T8 and is also 
connected with the Limbic system and is often associated with 
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the right hemisphere of the brain, which is home to creativity, 
emotional processing and plays a significant role in recognizing 
faces and interpreting emotional expressions.

• P7 (Parietal 7) is positioned on the left side of the scalp, over 
the parietal lobe. The parietal lobes are involved in sensory 
integration, spatial awareness, and attention.

• F7 (Frontal 7) is placed on the left side of the scalp, over the 
frontal lobe. The frontal lobes are associated with various higher 
cognitive functions, including problem-solving and memory. As 
we have seen, the prefrontal cortex, which is part of the frontal 
lobes, interacts with limbic structures and plays a role in emo-
tional regulation and decision-making.

• O1 (Occipital 1) is located on the left side of the scalp, over the 
occipital lobe. The occipital lobes are primarily responsible for 
visual processing.

The EEG bands considered were: Theta: 4–8 Hz, Alpha: 8–12 Hz, 
Beta: 12–25 Hz, and Gamma: 25–45 Hz.

The decision to analyze only Beta and Gamma frequencies stems 
from two motivations. The most obvious one is to facilitate comparison 
and highlight signal differentiation among the 39 participants. How-
ever, the choice is primarily motivated by their greater specificity for 
the cognitive processes of interest. Indeed, our study requires sustained 
attention and places maximum relevance on information integration 
processes.

Numerous studies (Kisley & Cornwell, 2006; Steriade, Gloor, Llinas, 
Da Silva, & Mesulam, 1990; Tallon-Baudry, Kreiter, & Bertrand, 1999) 
have demonstrated that Beta and Gamma oscillations are particularly 
relevant for processing complex cognitive information, coordinating 
neural activity between different brain regions, and in attentional and 
working memory processes. Specifically:

- Beta waves are associated with states of active attention and 
concentration, and are dominant during conscious thinking, cognitive 
processing, and problem-solving.

- Gamma waves are indicative of complex cognitive processing 
and correlated with high-level cognitive processes. They are especially 
specific to the problem we are addressing because they are involved in 
the integration of information between different brain areas.

Furthermore, our selection was influenced by the need for con-
sistency with our previous research, which had similarly focused on 
these two frequency bands for the aforementioned reasons, producing 
results that we believe validate and justify the continued use of this 
methodological approach.

2.8. Signal analysis

The ANN analyzed both the individual signals and their compo-
sition, considering all four electrodes separately and simultaneously. 
Since the probability of finding identical binary codes is very low 
(1/1024 for a 10 bit code), the most interesting results, namely with the 
highest number of matches, were found in the analysis of the electrodes 
taken together.

Among the three subjects with better recognition scores on the 
images paired with the red background video (Y), it is noted that the 
codes related to the RED Music1 video have numerous matches with the 
codes of other Y participants related to both the video and the Music 1 
image. Codes related to these images have numerous correspondences 
with other codes of the same participant and of the video codes of 
other participants. These correspondences are widely prevalent among 
Y subjects compared to the 𝑁 group of participants (depending on the 
participant, 5–7 correspondences for the Y group versus 0–2 for the 
𝑁 group). It is interesting to note that two out of three participants in 
group Y have identical codes relative to four Music1 images. This is not 
the case in group N; on the contrary, there is a virtually complete lack 
of matches relative to these images. By calculating the total number 
of identical codes relative to the video and the Music 1 images for 
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Table 2
Comparison between best and worst participants’ emo-
tive recognition abilities — Student’s t-test results.
 Group name: Y N  
 Sample average: 775.33 356.33  
 Sample SD: 165.50 222.994 
 t 2.6134  
 P-value 0.03212  
 Effect size 2.13  

group Y and group N, it is possible to assess whether the difference 
between the two groups is statistically significant. Because the sample 
size is very low a t-test was used. In this case, we used a two sample t-
test (Welch) right-tailed, significance level 𝛼= 0.05. The 𝑝-value equals 
0.03212, and since 𝑝-value < 𝛼, the null hypothesis is rejected, and a 
statistical significance of the result is reached, as shown in Table  2.

The sample size is small, with low priori power (0.2016); thus, 
the statistical significance obtained should be further investigated with 
larger samples. However, we should note that the observed effect 
size (d) is quite large, 2.13. This indicates that the magnitude of the 
difference between the two groups is definitely significant.

Effect size is a correct parameter in this context because it is 
independent of the sample size, which, in this case, is very small. But 
it must be said that the choice of the groups’ subjects was obtained 
from the processing of hundreds of files related to signals from four 
electrodes on two frequencies, taken while viewing images and video.

2.9. Comparison with other methods

The comparative performance evaluation of self-organizing meth-
ods, such as the ITSOM used in this study, presents inherent challenges 
due to the unsupervised nature of these approaches. While a com-
parison with other methods, such as traditional Self-Organizing Maps 
(SOM) or clustering algorithms like k-means, might provide additional 
perspectives, it is important to emphasize that such direct comparisons 
are inherently limited in this specific context.

The main reason lies in the absence of an objective ’ground truth’ 
for classifying EEG signals in relation to mental states induced by visual 
and auditory stimuli in our experiment. Each self-organizing method 
might converge toward unique data representations, making a universal 
evaluation metric problematic.

Furthermore, these methods’ sensitivity to initial conditions and 
configuration parameters further complicates objective comparison.

In our specific case, ITSOM was chosen for its demonstrated capa-
bility to accurately identify the organized structures of electrophysio-
logical signals in our previous studies (the already mentioned (Pizzi, 
2020; Pizzi et al., 2007, 2003, 2017a, 2017b) , effectively capturing 
the temporal dynamics of EEG signals, a crucial aspect for analyzing 
cognitive responses to presented stimuli.

In particular, the theoretical framework of ITSOM was validated by 
demonstrating its inductive capabilities in the research work described 
in Pizzi et al. (2009), where electric signals from human neurons 
processed by ITSOM learned to reply selectively to different stimulation 
patterns, and their response signals could effectively be decoded by the 
ITSOM to operate a minirobot.

Rather than relying on direct comparison with other methods, such 
as those mentioned in Section 1.5.1, which might not provide a defini-
tive evaluation of one approach’s superiority over another, we opted to 
validate our results through:

• the internal coherence of obtained results, as evidenced by signif-
icant correspondences between binary codes for similar stimuli.

• the correspondence between ITSOM analysis results and partici-
pants’ behavioral responses.

• statistical analysis that demonstrated significant differences be-
tween participant groups, consistent with their test responses.
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This multi-criteria evaluation approach, while not providing a direct 
comparison with other methods, offers robust internal validation of the 
results obtained with ITSOM in the specific context of this study.

2.10. Description of the machine learning system

In order to complete the Turing Test, a computer would have 
to perform the exact same test administered to human participants. 
For this purpose, we implemented a Machine Learning system and 
subjected it to the same test. Let us look in detail at how we developed 
the software and performed the test.

The computer test was designed to be exactly comparable to the one 
administered to human participants. Specifically: the ML system, that 
will be described in detail below, receives as input:

- RED images and sounds Music1
- Images of 18 faces in three groups Image1, Image2, Image3, each 

paired with a music piece
- Music pieces for each of the three groups: Music1, Music2, Music3.
The testing phase consists of 18 face images with RED background, 

identical to those administered in the test for human participants. The 
RED images were calculated to be 12 in number to match the exposure 
time of participants to the face images: one minute for each group of 
6 faces and their respective music, 2 min for the RED+Music1 video. 
The three music pieces were divided into 22 .wav segments each, then 
further processed into chunks of .96 s each, to conform to the VGGish 
method.

A mapping system was necessary to correctly dimension the struc-
tures within the ML code, since training involves both images and 
music, while testing occurs solely through images. Therefore, cor-
respondence maps between images and music were inserted in the 
training phase, and a map between training image codes and test image 
codes was implemented in the testing phase.

The initially developed multimodal convolutional neural network 
immediately showed a strong tendency toward overfitting caused by 
the minimal training dataset, resulting in extremely poor results. This 
necessitated a series of significant code modifications. At the end of 
this process, the network configuration described in the following was 
chosen.

This network configuration was executed 39 times to obtain statis-
tics similar to those obtained for human experimenters.

2.10.1. Transfer learning
Our transfer learning choice focused on VGGFace (Wan, Liu, Huo, 

& Fang, 2017) for images and VGGish (El-Latif, El-Sayad, Mohammed, 
Darwish, & Hassanien, 2024) for music.

Despite several state-of-the-art pretrained networks being avail-
able for face recognition (Bhavani & Karthikeyan, 2024; Huu et al., 
2022; Parkhi, Vedaldi, & Zisserman, 2015; Schroff, Kalenichenko, & 
Philbin, 2015; Wang & Deng, 2021; Wang, Peng et al., 2022), we 
chose VGGFace, considering the specific characteristics of the images 
to be analyzed. Indeed, VGGFace proves to be particularly effective in 
controlled conditions such as those in question:

- The faces it seeks to recognize are all in the same position and of 
equal size. This aligns well with the type of data on which VGGFace 
was trained. - Absence of expressions and background: VGGFace is 
particularly effective in recognizing invariant facial features, so the ab-
sence of expressions in its images should be an advantage. Specifically, 
its evolution VGGFace2 is trained to handle variabilities that are not 
present in our case, such as multiple poses, lighting variations, different 
facial expressions, complex backgrounds. Therefore, VGGFace still has 
better performance in controlled conditions, with less risk of overfitting 
on unnecessary variations.

Regarding music, our choice fell on VGGish, which is particularly 
suitable for analyzing music without speech. VGGish is effective in 
extracting low-level audio features, which can be very useful for ana-
lyzing and classifying different types of music. Moreover, compared to 
some more recent and complex audio models (Huu et al., 2022; Singh 
& Biswas, 2022; Zaman, Sah, Direkoglu, & Unoki, 2023), VGGish offers 
a good balance between performance and computational requirements.
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2.11. Neural network structure

To implement an ML system able to compete with the human 
experimenters in the described Turing test, we thought to implement 
a neural network structured as follows.

General network structure: The network is a multimodal model that 
combines audio and image data processing. It consists of two main 
paths: one for audio input and one for image input.

1. Audio Branch:
- Input: An audio signal of length 15600 samples.
- Processing:
∙ VGGish Layer: Uses a pre-trained VGGish model to extract audio 

features.
∙ Dense Layer (512 units) with ReLU activation and L2 regulariza-

tion.
∙ Dropout (30%)
∙ Dense Layer (256 units) with ReLU activation and L2 regulariza-

tion.
∙ Dropout (30%)
- Output: Dense Layer with 3 units (number of audio classes) and 

softmax activation.
2. Image Branch:
- Input: RGB image of dimensions 224 × 224 pixels.
- Processing:
VGGFace (based on VGG16) pre-trained.
- The typical VGG16 structure includes:
∙ Two 3 × 3 convolutional layers with 64 filters, followed by max 

pooling.
∙ Two 3 × 3 convolutional layers with 128 filters, followed by max 

pooling.
∙ Three 3 × 3 convolutional layers with 256 filters, followed by max 

pooling.
∙ Three 3 × 3 convolutional layers with 512 filters, followed by max 

pooling.
∙ Three 3 × 3 convolutional layers with 512 filters, followed by max 

pooling.
∙ After these convolutional layers, the model adds customized fully 

connected layers to adapt to the specific task.
- Output: Dense Layer with 30 units (image classes) and softmax 

activation.
Additionally, we adopted Batch Normalization, applied after dense 

layers in both branches to normalize inputs and improve training 
stability.

For the image label mapping, the mapping structure consisted of 
30 total classes (18 faces + 12 RED images), divided into three main 
groups a, b, c.2 For the image-to-audio mapping, image classes were 
grouped into three audio macro-categories: a, b, c: All ‘‘a’’ image classes 
are matched to audio category ‘‘a’’, all ‘‘b’’ to (Music1) ‘‘b’’, and all ‘‘c’’ 
to ‘‘c’’.

This structure aimed to balance the ability to extract complex 
features (through pre-trained networks) with adaptability to the spe-
cific task (through customized layers and fine-tuning). However, given 
the small dataset size, there remained a high risk of overfitting, as 
evidenced by our benchmark results.

Thus we attempted to improve the multimodal neural network 
structure by adopting the following techniques:

- The last 4 layers of VGGFace were unlocked for fine-tuning, 
meaning most of the pre-trained knowledge was preserved (frozen 
layers) while allowing some fine-tuning in the last layers to adapt to 
the specific task.

2 In the results presented below, we have for brevity’s sake indicated the 
18 faces with letters. From here on, by ‘b’ we mean the group of Image1 
accompanied by the same Music1 music from the RED video.



R. Pizzi et al. Neural Networks 187 (2025) 107362 
Table 3
Summary of the used deep network.
 Layer (type) Output shape Param #
 image_input (InputLayer) (None, 224, 224, 3) 0
 conv1_1 (Conv2D) (None, 224, 224, 64) 1792
 conv1_2 (Conv2D) (None, 224, 224, 64) 36 928
 pool1 (MaxPooling2D) (None, 112, 112, 64) 0
 conv2_1 (Conv2D) (None, 112, 112, 128) 73 856
 conv2_2 (Conv2D) (None, 112, 112, 128) 147584
 pool2 (MaxPooling2D) (None, 56, 56, 128) 0
 conv3_1 (Conv2D) (None, 56, 56, 256) 295168
 conv3_2 (Conv2D) (None, 56, 56, 256) 590080
 conv3_3 (Conv2D) (None, 56, 56, 256) 590080
 pool3 (MaxPooling2D) (None, 28, 28, 256) 0
 conv4_1 (Conv2D) (None, 28, 28, 512) 1180160
 conv4_2 (Conv2D) (None, 28, 28, 512) 2359808
 conv4_3 (Conv2D) (None, 28, 28, 512) 2359808
 pool4 (MaxPooling2D) (None, 14, 14, 512) 0
 conv5_1 (Conv2D) (None, 14, 14, 512) 2359808
 conv5_2 (Conv2D) (None, 14, 14, 512) 2359808
 conv5_3 (Conv2D) (None, 14, 14, 512) 2359808
 audio_input (InputLayer) (None, 15600) 0
 pool5 (MaxPooling2D) (None, 7, 7, 512) 0
 vg_gish_layer (VGGishLayer) (None, 128) 0
 global_average_pooling2d (GlobalAveragePooling2D) (None, 512) 0
 dense (Dense) (None, 32) 4128
 dense_2 (Dense) (None, 32) 16 416
 batch_normalization (BatchNormalization) (None, 32) 128
 batch_normalization_2 (BatchNormalization) (None, 32) 128
 dropout (Dropout) (None, 32) 0
 dropout_2 (Dropout) (None, 32) 0
 dense_1 (Dense) (None, 32) 1056
 dense_3 (Dense) (None, 32) 1056
 batch_normalization_1 (BatchNormalization) (None, 32) 128
 batch_normalization_3 (BatchNormalization) (None, 32) 128
 dropout_1 (Dropout) (None, 32) 0
 dropout_3 (Dropout) (None, 32) 0
 audio_output (Dense) (None, 3) 99
 image_output (Dense) (None, 33) 1089

 Total params: 14,739,044
 Trainable params: 7,103,524
 Non-trainable params: 7,635,520
- Data augmentation techniques were implemented for images to 
artificially increase the dataset size.

- Aggressive dropout (0.5) was adopted in the audio branch, which 
eliminates 50% of connections during training. Dropout helps prevent 
overfitting by randomly turning off a percentage of neurons during 
training, forcing the network to learn more robust and generalizable 
features.

- A more moderate dropout (0.3) was maintained in the image 
branch, since features from VGG16 are already robust.

- Batch size reduction to 4: small batch size promotes regularization.
- Global Average Pooling in the image branch after the last convo-

lutional block, to reduce the number of parameters compared to a fully 
connected layer, again to limit the risk of overfitting.

- For complexity reduction, each branch (image and audio) was 
set with two Dense layers, with their size reduced to 32 units each, 
significantly smaller than the original configuration (which used 512 
and 256 units). This reduction in layer size helps maintain a limited 
number of parameters and prevent overfitting.

- We added L2 regularization (0.001) to dense layers, which penal-
ized large weights for additional overfitting control.

In essence, in both audio and image branches, we adopted a pro-
gressive dimensionality reduction, avoiding the memorization of irrel-
evant details. The network was significantly streamlined by drastically 
reducing the number of trainable parameters, ensuring more stable 
convergence and a better data/parameters ratio, while regularization 
techniques were adopted to improve model generalization. We show 
the summary of the model in Table  3.
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2.11.1. Training optimization
As above mentioned, we adopted Transfer Learning using pre-

trained VGG16 and VGGish weights.
To achieve more robust training, we chose Adam as an adaptive 

optimizer, automatically adjusting learning rates for each parameter, 
facilitating convergence.

We then applied a conservative learning rate (1e−5) with a min-
imum set to 1e−6 through ReduceLROnPlateau, technique that auto-
matically reduces learning rate if validation loss stabilizes.

Early stopping was also introduced to halt training when valida-
tion set performance stops improving for a certain number of epochs 
(patience = 10), again to prevent overfitting.

Finally, we adopted Step decay, reducing the learning rate by a 
factor of 0.1 every 10 epochs, for very precise weight fine-tuning.

However, while these measures improved loss and accuracy trends 
during training, they did not improve testing performance, which re-
mained polarized to one or two images, although not the same in each 
run.

2.11.2. Explanation of low performances
It should not be surprising that the network’s performance was so 

poor, even though professional systems exist that can identify a face 
within databases of millions of images, such as Google Images (Shepley, 
2019) or law enforcement software for identifying suspects. However, 
there is a fundamental distinction between the problem at hand and 
the operation of large-scale facial search systems. In our specific case, 
there is a limited set of target faces (the training dataset), and the goal 
is to classify new images within this limited set of categories.
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Transfer learning is used to extract features, but essentially we are 
trying to perform final classification on a closed set of classes. Large-
scale facial search systems, on the other hand, do not try to classify into 
a predefined set of categories but rather compare a single face against 
a vast database: the problem is more similar to a similarity search or a 
‘‘retrieval’’ problem rather than classification.

The approach to transfer learning is also different: in our case, 
transfer learning is used to initialize feature extraction, but then a spe-
cific classifier is trained for the classes. Large-scale systems instead use 
transfer learning to create universal representations of faces, without 
a specific final classifier. Therefore, while in our case overfitting is a 
real risk because we are training on a very specific and limited set 
of faces, in large-scale systems, overfitting in the traditional sense is 
less problematic because they are not trying to classify into predefined 
categories but to create robust and general representations of faces, by 
means of image retreival and image matching techniques, which are 
effectively different from the classification problem we are addressing.

2.12. Alternative approaches and the hybrid network

Alternative approaches were then attempted. The first was a few-
shot learning code, specifically designed to learn from few examples.

The implemented architecture is a prototypical network for few-
shot learning that maintains a multimodal approach, combining audio 
and image data processing. The system uses two parallel branches: one 
dedicated to audio, leveraging the pre-trained VGGish model for sound 
feature extraction, and one dedicated to images, based on VGGFace 
for visual feature analysis. The features extracted from both branches 
are then combined, maintaining the same mapping scheme used in the 
original neural network.

The core of this architecture is the prototypical mechanism, which 
operates by creating representative prototypes for each class from a 
small set of examples (support set). The system then classifies new 
examples by calculating their Euclidean distance from the prototypes 
and assigning them to the class of the most similar prototype.

To optimize performance and prevent overfitting, various regu-
larization techniques were implemented as mentioned above for the 
original neural network, like dense layers of reduced dimension (32 
neurons), dropout, and batch normalization. Transfer learning was ap-
plied by keeping most of VGGFace’s layers frozen, allowing fine-tuning 
only of the last four layers.

The training phase was initially configured with moderate param-
eters: a learning rate of 0.0001, with batch size of 32. The use of 
TimeDistributed allowed efficient processing of the support set, main-
taining temporal coherence in processing.

However, despite many attempts at parameter tuning, during test-
ing the network always polarized to a single image. Therefore, this 
approach was abandoned.

It was then decided to turn to a more traditional technique like 
Support Vector Machine (SVM). SVMs are known to work well with 
small datasets and can be more resistant to overfitting compared to 
deep neural networks, using fewer parameters to optimize.

SVMs, especially with RBF (Radial Basis Function) kernel as in 
this case, can also be more robust to outliers compared to some deep 
learning models, and this kernel provides a good compromise between 
linearity and non-linearity.

While the neural network can capture complex and hierarchical 
patterns, the SVM is effective in finding the best hyperplane separation 
in feature space.

Nonetheless, this algorithm tended to polarize to recognizing the 
same single image as well.

A hybrid code approach was then attempted, which, leveraging the 
previously explained mappings and features recognized by the neural 
network during training, applies an SVM in cascade.

Essentially, the neural network is primarily used as a feature extrac-
tor. The features extracted by the neural network are then used as input 
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for an SVM. By combining the two approaches, we hoped to leverage 
the strengths of both methods.

The SVM was configured with probability=True, allowing probabil-
ity estimates for classes, which are then combined with those from the 
neural network.

In fact, the ANN and SVM models operate in parallel and their 
predictions are combined with weights (e.g., 70% NN, 30% SVM), 
operating as a form of ensemble learning, specifically of the ‘‘weighted 
averaging’’ type. Indeed, these are two different models operating 
in parallel on the same task, through a weighted combination of 
predictions.

This made it possible to adjust the relative contribution of the 
models and compare individual performances, setting weights comple-
mentarily with sum 100%.

In this way, we tried to leverage the strengths of two very different 
models with complementary characteristics, seeking a balance between 
the two in search of better robustness compared to using a single model. 
We empirically tested the performance of different weight combina-
tions between the two models, evaluating both the case of ANN = 0% 
and SVM = 100% and the reciprocal ANN = 100% and SVM = 0%, as 
well as various intermediate cases.

After multiple trials, the (relatively) best performance was achieved 
with the combination ANN = 70% and SVM = 30%, which was adopted 
as definitive.

Overall, this Machine Learning modality can be defined as a hybrid 
multimodal ensemble learning approach.

Despite the introduction of transfer learning and all the described 
techniques, the final result, as detailed below, did not deviate from 
substantial randomness.

It is indeed extremely difficult for any model, especially one as 
complex as a deep neural network, to generalize effectively. With so 
few examples, the model is essentially ‘‘memorizing’’ the training data. 
Techniques such as dropout, L2 regularization, data augmentation, etc., 
can help mitigate overfitting, but there is a limit to how effective they 
can be with such a small dataset.

On the other hand, the introduction of a more traditional algorithm 
like SVM only brought minimal improvements and, when used alone, 
did not show any useful result. In essence, none of the approaches 
tried – whether the original neural network, the prototypical network 
for few-shot learning, the SVM alone, or the hybrid ensemble ap-
proach – managed to overcome the fundamental limitation posed by 
the extremely limited size of the training dataset.

2.13. ML system output

After applying all the described improvement techniques, the (rel-
atively) best results were obtained from the hybrid system by setting 
hyperparameters consistently with the need to reduce the tendency to 
overfit.

As above mentioned, we set the initial learning rate to a conser-
vative value of 1e−5, with a minimum set to 1e−6, and the ratio 
ANN = 70%, SVM = 30%.

After various attempts, epochs were set to 100, but due to the Early 
Stopping used, the average across all iterations was approximately 50 
(49.871795).

The loss and accuracy graphs of the neural network Figs.  7 and
8, though improved compared to the initially implemented models, 
highlight the inconsistency of performances.

In this configuration that we considered optimal, over 39 itera-
tions, the hybrid system recognized 0 images 9 times, 2 images 4 
times, 3 images 2 times, and 1 image 24 times, with an average of 
0.054 recognitions per iteration, a value extremely close to chance 
(1/18 = 0.0556).

This value corresponds to the mean accuracy of the combined model 
(ANN+SVM) considering all iterations.
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Fig. 7. Audio loss and accuracy.
Fig. 8. Model loss and accuracy.
Fig. 9. Confusion matrix.
The confusion matrix generated remained identical both for each 
iteration and for the overall case of all iterations (Fig.  9)

The overall mean recognition probability for each class across the 18 
images is indicated in Fig.  10 with small variations at each iteration, as 
shown in Fig.  11. Specifically, the overall mean recognition probability 
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for each class across the 18 images is presented in Table  4 and the 
image with the highest overall mean probability was: c4 (0.1016).

The classes with the highest recognition probability per iteration are 
listed in Table  5.
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Fig. 10. Overall average recognition probabilities per class.
Fig. 11. Average recognition probabilities per class — iteration 1.
Table 4
Values for image classes a, b, and c.
 Parameter Value  
 a1 0.0794 
 a2 0.0416 
 a3 0.0178 
 a4 0.0395 
 a5 0.0428 
 a6 0.0524 
 b1 0.0210 
 b2 0.0413 
 b3 0.0490 
 b4 0.0264 
 b5 0.0165 
 b6 0.0948 
 c1 0.0205 
 c2 0.0773 
 c3 0.0210 
 c4 0.1016 
 c5 0.0276 
 c6 0.0667 

Figs.  12 and 13 show the boxplots of respectively the distribu-
tion of average probabilities by group and the distribution of average 
probabilities by class.

2.13.1. Statistical analysis
To statistically evaluate the results and compare them with results 

obtained on human experimenters, we performed the same paired t-test 
using Welch’s method.
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In the human case the variability of results was very high from 
individual to individual, so the small sample size suggested Student’s 
t-test as suitable for analyzing the data in question.

But in the machine case, although 39 iterations were performed, 
we saw that all produced identical confusion matrices, leading to a 
virtually null standard deviation (0.0132). This violates one of the 
fundamental assumptions of the t-test, which requires natural variabil-
ity in the data. When the standard deviation is zero or nearly zero, 
the denominator in the t-test formula (which includes the standard 
deviation) approaches zero, making the test mathematically unstable 
and statistically inappropriate, as shown in Table  6. The small sample 
size is not the main issue in this case, but rather the lack of variability 
in the results.

Specifically, as seen, the mean probabilities observed over the 39 
iterations are all very similar and close to chance level.

For this reason, it is more appropriate to use tests that are based 
directly on the observed proportions (such as chi-square) or a z-test of 
proportions rather than on variability between observations.

In this near-random performance scenario, not only is the variability 
between iterations null, but the differences between groups are minimal 
and lack practical significance. The chi-square test confirms this by 
showing in Table  7: - A very low Chi2 value (0.0000)

- A very high 𝑝-value (1 ≫ 0.05)
This clearly indicates there is no significant difference between the 

two groups, and the small differences observed between groups are 
compatible with random fluctuations.

The z-test of proportions confirms this with Table  6:
- A low z-statistic (−0.2558)
- A high 𝑝-value (0.7981 ≫ 0.05)
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Table 5
Highest recognition probability per iteration.
 Iteration Parameter Value Iteration Parameter Value  
 1 c6 0.1265 21 a1 0.1764 
 2 c2 0.1671 22 b3 0.1369 
 3 a1 0.1179 23 b3 0.1140 
 4 a4 0.1018 24 b3 0.1429 
 5 a6 0.1197 25 a6 0.0877 
 6 b6 0.1561 26 b3 0.2010 
 7 b6 0.1406 27 b6 0.0979 
 8 b6 0.1643 28 b3 0.2167 
 9 c4 0.1101 29 b3 0.1464 
 10 c4 0.0864 30 b3 0.1018 
 11 a6 0.1339 31 b6 0.1088 
 12 b3 0.1287 32 b6 0.1237 
 13 c2 0.0697 33 c4 0.0921 
 14 a1 0.0983 34 b3 0.1844 
 15 c6 0.0911 35 b6 0.2800 
 16 b3 0.2172 36 b6 0.0674 
 17 c2 0.1930 37 a6 0.0862 
 18 b3 0.1296 38 a6 0.0815 
 19 c2 0.1173 39 c4 0.1347 
 20 b3 0.1381  
Fig. 12. Distribution of average probabilities by group.
Fig. 13. Distribution of average probabilities by class.
supporting the conclusion that the difference is not statistically 
significant.

Both tests agree in showing there is no significant difference be-
tween group b and groups a/c combined, with very high p-values 
suggesting that the observed differences are compatible with random 
fluctuations. In other words, the model is essentially generating ran-
dom predictions, making any apparent difference between groups non-
significant. This links the near-random accuracy of the model with 
17 
the impossibility of finding significant differences between groups, 
regardless of the statistical test used.

3. Conclusions and future developments

The ability to associate emotions unconsciously with images is a 
specific characteristic of human beings, as attested by the well-known 
‘‘Takete-Maluma’’ test, due to Koehler (Köhler, 1970) and later taken 
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Table 6
Comparison between machine’s recognition of different groups of images 
— Student’s t-test results.
 Mean of differences (b - ac) −0.0075  
 Standard deviation of differences 0.0132  
 Overall mean probability for class ‘a’: 0.0456  
 Overall mean probability for class ‘b’: 0.0415  
 Overall mean probability for class ‘c’: 0.0525  
 Overall mean probability for classes ‘a’/‘c’: 0.0490  
 Results of paired t-test (b vs combined a/c):  
 𝑡-statistic: −5.02918  
 P-value: 3.13472e−06 
 Mean of differences (b - ac): −0.0075  
 Standard deviation of differences 0.0132  

Table 7
Chi-square Analysis and z-test for b vs Combined a/c.
 Chi-square test b vs combined a/c:  
 Mean probabilities:  
 Group b: 0.0415 ± 0.0084 
 Groups a/c: 0.0490 ± 0.0034 
 Chi2: 0.0000  
 p-value: 1.0000  
 z-test of proportions (b vs a/c):  
 z-statistic: −0.2558  
 p-value: 0.7981  
 Difference (b - a/c): −0.0075  

Fig. 14. On the left: a Bouba shape; On the right: a Kiki shape.

up by various authors, including in 2001 W.S. Ramachandran and E. 
Hubbard (Ramachandran, Marcus, & Chunharas, 2020). In this latest 
test, conducted on American university students and Tamil-speaking 
Indians, 95 percent associated the word ‘‘Bouba’’ with the figure on the 
left and ‘‘Kiki’’ with the one on the right (as shown in Fig.  14), despite 
the fact that the participants were from two completely different cul-
tures (Bremner et al., 2013) and had never seen those figures or heard 
those two words, which are meaningless.

Because this association most likely comes from complex mental 
associations between sounds and images rooted in the unconscious 
of human beings, and it cannot come from logical evidence or prior 
knowledge, a software would not have the necessary data to produce 
the same answers.

The Turing Test proposed here is based on essentially the same 
considerations: the emotional world of human mind complexly involves 
any perception and influences cognitive responses involving those per-
ceptions. This emotional substrate is not reproducible by software 
because it is not explicable in the form of data.

In the above-described experiment, administered to 39 participants, 
a video with music on a red background was displayed, and then they 
were asked to recognize 18 women’s faces on a red background after 
seeing the same faces accompanied by different pieces of music, one of 
which was the music in the video.

Analyses performed on the experiment yielded two orders of results:

• Participants’ responses revealed that images of faces that in train-
ing had been accompanied by a music (Music1) associated with 
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the RED background color were recognized more often (to a sta-
tistically significant extent) than images that had been associated 
with different music, and for which therefore the red background 
had no emotional meaning.

• The group of participants who manifested more recognition of 
faces associated with Music1 than other faces and the group of 
participants who manifested the fewest such recognition were 
selected. For each participant in these groups, the signals cor-
responding to viewing the video and the faces used for training 
were analyzed with an Artificial Neural Network. To a statistically 
significant extent, the group with the best recognitions presented 
more identities (i.e., identical binary codes) between signals cor-
responding to the RED Music1 video and Music1 images, than the 
other group.

• In order to complete the Turing Test and to fully validate our 
hypothesis that a software is unable to exhibit and thus exploit 
the cognitive property described above, the same experimental 
phases, with identical content and timing, has been administered 
to a suitably configured ML software.

• All attempts we made to implement software capable of emulating 
the ability shown by human experimenters to more easily dis-
tinguish certain images based on specific emotional intersections 
have failed. Statistical results show that the ML software arrives 
at completely random results.

These results appear to indicate a human memory enhancement 
by an unconscious emotional substrate. In this case, the unconscious 
association is the one that connects the red color paired with the music 
in the video, the faces whose image was accompanied by the same 
music, and the recall formed by the red color present as the background 
of the testing images.

The emotion associated with listening to music turns out to be an 
effective memorization tool: it appears that, at an unconscious level, 
it is possible to associate sensory experiences that have never been 
perceived simultaneously, as long as these evoke previously associated 
emotions.

The cognitive role of emotions in our view has to do with the 
qualitative aspects of our conscious experience, i.e., what is called 
qualia (Chalmers, 1995; Dennett, 1988; Goguen, 2004; Northoff, 2003; 
Tye, 1994, 2017). We are therefore tempted to suggest that the differ-
ence that may emerge between humans and software in the proposed 
Turing Test is due to the fact that a computer does not have access to 
qualia.

This property of the human mind cannot be emulated by a com-
puter, because the software must have read and stored in memory the 
data in order to be able to perform their recall. Our intent is to take 
advantage of this feature of the human mind to develop a novel Turing 
Test.

3.1. Future developments

3.1.1. Study expansion planning
Our initial study has validated the hypothesis that human beings 

possess a unique mental property allowing them to associate emotions 
with perceptions, thereby enhancing memory capabilities. While our 
results on 39 subjects achieved statistical significance, we recognize 
the importance of broader validation through an expanded research 
program that would strengthen the generalizability of our findings.

To this end, we envision expanding our study to include over 200 
participants across multiple research centers, ensuring representation 
across age groups, gender, cultural backgrounds, and educational lev-
els. Power analysis indicates this expanded sample size would provide 
greater than 95% confidence level in our findings. The methodological 
framework will be enhanced to include varied emotional stimuli, di-
verse testing intervals, and multiple types of musical and visual stimuli, 
with testing extended across different cultural contexts.
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The technical aspects of our study should see significant advance-
ment. We aim to expand our EEG analysis to encompass all available 
EMOTIV EPOC electrodes and frequency bands, while implementing 
standardized environmental conditions across testing sites. Further-
more, we plan to adopt clinical-grade EEG systems with full electrode 
arrays. Other non-invasive techniques could be combined with EEG to 
provide a broader spectrum of quantitative evaluations of emotional 
reactions, like all those used in the multimodal analyses mentioned in 
Section 1.5.1.

From a computational perspective, it would be valuable to further 
investigate the limitations of our implementation, which appears over-
sized in some aspects while not significantly benefiting from advanced 
or standard AI methods suitable for small samples. We therefore intend 
to conduct targeted research on technologies more suitable for the 
problem at hand, studying both the most advanced available techniques 
for solving the problem under examination, and implementing a battery 
of computational tests comprising diverse implementations.

These expansions would involve extending both the scope and depth 
of our analysis methodologies, focusing on the integration of multi-
ple data streams, professional-grade equipment, specialized laboratory 
facilities for optimal data acquisition and processing, and advanced 
computational expertise for developing and implementing sophisticated 
AI solutions.

3.1.2. Possible future applications
Our approach is fundamentally grounded in a critical observation: 

software’s capability to process the emotional components of sensory 
events remains limited compared to human abilities. This fundamental 
disparity presents a unique opportunity, particularly in the realm of se-
curity controls, where it could prove invaluable as existing CAPTCHAs 
become increasingly vulnerable to sophisticated software solutions. We 
anticipate the development of emotion-based CAPTCHAs, advanced 
biometric security systems incorporating emotional responses, and 
multi-factor authentication methods with emotion-based components.

Our approach also holds promise for advancing human–machine 
interaction through the development of emotionally-aware interfaces, 
adaptive learning systems, and enhanced virtual/augmented reality 
systems.

But the implications of this approach extend across multiple do-
mains. In the medical field, our findings could enable early screening 
for neurological conditions affecting emotional memory, assessment 
of medication impacts, monitoring of recovery in patients with brain 
injuries, and differentiation between physiological and pathological 
cognitive decline.

In education, these findings could lead to optimized learning mate-
rials that leverage emotional-cognitive connections, personalized learn-
ing methods, and novel approaches to evaluating learning effectiveness 
through emotional markers.

Additionally, our methodology could find applications in marketing 
for testing emotional impact and branding effectiveness, in profes-
sional assessment for evaluating emotional intelligence and its role in 
decision-making, in forensics for analyzing testimony reliability and 
statement veracity.

3.2. Conclusion

While we have discussed the potential applications of the proposed 
method, we emphasize that this work primarily aims to contribute to 
basic science: in the field of neuroscience, by investigating the complex 
relationships between attention, memory, and emotions, leading to hy-
pothesize a connection with the nature of qualia. In the computational 
field, by studying software’s capability to emulate these functionalities.

We have attempted to highlight and quantify the limitations of 
computational capability in handling specific problems where emotions 
can indirectly influence memorization.
19 
While it is certainly possible to improve or diversify the software 
we implemented, we believe that the obtained result is due to a fun-
damental deficiency in the current functionalities of Machine Learning 
compared to human cognitive and emotional capabilities.

Based on this deficiency, we consider it possible to implement a Tur-
ing Test robust enough to distinguish human behavior from computer 
behavior, at least in the short and medium term.
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