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Emmanuel Opara 

FCT College of Education Zuba, Nigeria; chinonso.emmanuel@st.futminna.edu.ng 

Abstract: The global advancement of Artificial Intelligence (AI) in problem-solving, pattern 
recognition and natural language processing is notable but it continues to fall short in exhibiting the 
essential qualities that constitute real intelligence. This paper analyses AI's limitations with 
philosophical and psychological viewpoints combining them with ethical and technological 
constraints to show how these systems excel at large data processing and complex tasks but yet 
remain deficient in the key elements of human intelligence. The operational boundaries of AI systems 
require them to use statistical analytical models with pattern recognition capabilities rather than 
actual comprehension or independent decision processing. Without self-awareness artificial 
intelligence systems create uncertainties regarding who is responsible and how moral judgments 
should be established. The findings from this paper will advance our current understanding of the 
distinction between human intelligence and artificial intelligence and the need to understand how AI 
mechanisms affecting human choices and independence. 

Keywords: Artificial Intelligence; Human Intelligence; Intrinsic Motivation; Self-Awareness; 
Conscious Reasoning; Philosophical Perspectives; Technical Limitations; Ethical Implications; 
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Introduction 

"AI is not intelligent”—this is not mere sensationalism! In the 21st century, artificial intelligence 
has become almost synonymous with Generative Artificial Intelligence (GAI) and Large Language 
Models (LLMs), often regarded as the core of AI. However, it is essential to ask: what exactly is 
artificial intelligence? 

Artificial Intelligence (AI) refers to the simulation of human intelligence in machines, enabling 
them to perform tasks such as learning, problem-solving, perception, and language understanding 
(Stryker & Kavlakoglu, 2024; AWS, n.d). Over the years, AI has been defined in various ways. John 
McCarthy in 1956 described it as "the science and engineering of making intelligent machines, 
especially intelligent computer programs," (Kersting, 2018) while Alan Turing in the 1950s 
introduced the "Turing Test" to measure AI's ability to mimic human behavior (Mirror, 2023). Russell 
and Norvig (2021) further classified AI based on whether systems think like humans, act like humans, 
think rationally, or act rationally. 

AI has evolved through several phases, from symbolic reasoning in the 1950s to data-driven 
approaches in the 1990s and the deep learning revolution of the 2010s (DataCamp, 2023; Oracle, 2020; 
Sestili). Today, AI applications such as speech recognition, personlised systems, and autonomous 
systems have transformed industries (Siemens, 2024; Rumyley et al., 2023; Casaca & Miguel, 2024; 
Brainvire, 2025). However, misconceptions about AI's capabilities persist, often fuelled by media 
hype and industry marketing (Cocato, 2025; Sharps, 2024; SAP, 2024; Stryker & Kavlakoglu, 2024, 
Yadav, 2024; Firstpost, 2024). Many believe AI possesses superhuman intelligence, creativity, and 
emotional understanding (Marwala, 2024; Hermann, 2021; Nikolopoulou, 2023; Joyce et al., 2024). In 
reality, AI excels in narrow, well-defined tasks but lacks general adaptability, ethical reasoning, and 
emotional intelligence (Glover, 2022; Lumenalta, 2024; Brookhouse, 2023). The portrayal of AI as an 
autonomous, self-learning entity capable of independent decision-making is misleading. AI systems 
rely on algorithms and large datasets, requiring human intervention for training and fine-tuning 
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(Marusarz, 2022; Pardo, 2022; IBM, 2021). While AI enhances productivity and innovation, it should 
be viewed as a tool that complements human capabilities rather than replaces them. 

AI is simply a computer that operates on the principle of “garbage in... garbage out” and the 
overreliance on AI without recognizing its limitations can lead to unintended consequences, such as 
biased decision-making, ethical concerns, and security vulnerabilities. Hence, this paper critically 
examines the common misconceptions surrounding AI, exploring its actual capabilities, limitations, 
and the ethical considerations necessary for responsible AI adoption. 

Objectives 

1. To critically analyse AI’s limitations in comparison to human intelligence. 
2. To challenge prevailing assumptions with evidence-based arguments. 

Scope and Methodology 

The paper adopts a literature-driven approach by critical analysing arguments from psychology, 
philosophy, and AI development. 

What is Intelligence? 

Philosophically, intelligence is linked to reasoning, understanding abstract concepts, and 
applying knowledge to solve problems (Sternberg, 2025). Aristotle viewed it as rational thought and 
the pursuit of knowledge, while modern philosophers associate it with adaptability to changing 
environments (Brooks, 2024; Sternberg, 2021). Psychologically, intelligence is defined as the ability to 
acquire and apply knowledge and skills (Legg, 2025; Jaarsveld & Lachmann, 2017; Ruhl, 2024), with 
Howard Gardner expanding it beyond IQ to multiple intelligences such as linguistic, logical-
mathematical, spatial, and emotional intelligence (Cerutti, 2013). Robert Sternberg’s triarchic theory 
categorises intelligence into analytical, creative, and practical components that help individuals 
function effectively in diverse contexts (Clark & Sternberg, 1986). 

Adaptability is another core attribute of intelligence, enabling individuals to respond to new 
challenges by applying learned knowledge and skills (Sternberg, 1996). Human intelligence stands 
out for its flexibility in handling unfamiliar situations, drawing from past experiences, and adjusting 
behaviour accordingly (Gardner, 1983; Sternberg, 1985). Another key element is self-awareness, 
which allows reflection on thoughts, emotions, and actions (Goleman, 2020; Salovey & Mayer, 1997; 
Schore, 2016). Unlike artificial systems, humans possess introspection and a sense of self, aiding in 
conscious decision-making with emotional intelligence that recognises, understand, and manage 
emotions for effective communication and relationships. 

Key Elements of Human Intelligence 

Human intelligence is composed of several core elements that distinguish it from artificial 
intelligence. One of these elements is reasoning, which involves the ability to analyse information, 
draw conclusions, and solve complex problems (Caroll, 1993). Human reasoning is not limited to 
logical deduction but also includes intuitive and moral reasoning, allowing individuals to navigate 
ethical dilemmas and make informed life choices (Haidt, 2001; Greene et al., 2001; Kohlberg, 1984). 
Unlike AI, which processes data through pre-defined algorithms, human reasoning is context-
dependent and influenced by experiences, emotions, and social norms. 

Creativity is another defining feature of human intelligence which is characterised by the ability 
to generate novel ideas, think outside the box, and approach challenges with innovative solutions 
(Runco & Jaeger, 2012; Kaufman & Beghetto, 2009). Creativity involves imagination and the ability 
to synthesise diverse concepts, which AI systems struggle to replicate beyond the limits of their 
training data (Russel & Norvig, 2021; Goodfellow et al., 2016; AI for Good, 2024). Human creativity is 
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deeply intertwined with personal experiences, emotions, and cultural influences, making it unique 
to each individual which AIs lacks. 

Another element of intelligence is consciousness which refers to an individual's awareness of 
their own thoughts, emotions, and existence (Seth, 2021; Chalmers, 1996). Consciousness enables 
humans to reflect on their actions, set long-term goals, and engage in self-improvement. While AI 
operates based on data inputs and outputs (Russel & Novig, 2021; Goodfellow et al., 2016; Bishop, 
2006), human consciousness allows for subjective experience, introspection, and moral decision-
making (Damasio, 1999; Chalmers, 1996). Consciousness is what gives human intelligence depth, 
allowing for the formation of personal identity and a sense of purpose. 

AI’s Imitation of Intelligence 

The perception that artificial intelligence (AI) is truly intelligent is largely based on its ability to 
imitate human cognitive functions rather than possessing genuine understanding. AI systems, 
particularly those leveraging machine learning and deep learning, excel at pattern recognition, data 
analysis, and task execution. However, their performance is driven by statistical models rather than 
true comprehension or cognitive processing (Iordanov, 2024; lake et al., 2015; Russel & Norvig, 2021). 
François Chollet, a senior staff engineer at Google, concluded that AIs such LLMs will never be 
intelligent (Carroll, 2024) While AI can simulate aspects of intelligence, such as language processing 
and problem-solving, it fundamentally lacks the deeper elements of understanding that characterise 
human cognition. 

Machine Learning vs. True Understanding 

Machine learning (ML), a subset of AI, enables systems to identify patterns and make predictions 
based on vast amounts of data (MIT Sloan, 2021; IBM, 2021b; Columbia Engineering, 2023). These 
systems are trained using algorithms that adjust their parameters to optimise accuracy over time, 
allowing AI to recognise images, translate languages, and generate text that appears coherent and 
human-like. However, this process relies entirely on statistical correlations rather than an inherent 
grasp of actual meaning. AI does not understand concepts in the way humans do; instead, it processes 
inputs to produce outputs based on probabilities and learned associations. For instance, a language 
model like GPT-4 generates text based on the likelihood of word sequences appearing together, rather 
than possessing any intrinsic knowledge of language rules or context. 

As earlier mentioned, true understanding, unlike machine learning systems that rely on pattern 
recognition, humans possess semantic understanding, allowing them to discern intent, sarcasm, and 
deeper implications within communication. AI lacks such and instead operates within the confines 
of its training data, making it susceptible to errors in situations that require common sense, intuition, 
or moral judgment. 

Computational Models vs. Cognitive Models 

AI operates using computational models that are fundamentally different from human cognitive 
models. Computational models are algorithm-driven frameworks designed to process data, execute 
logical operations, and optimise for efficiency (Krzywanski et al., 2024; Sarker, 2021; Rausch et al., 
2021). These models rely on mathematical functions, neural networks, and statistical methods to 
simulate aspects of human behaviour but lack the intrinsic mental processes that underlie true 
intelligence. They function deterministically or probabilistically, depending on predefined rules or 
patterns within the data they have been trained on. 

Cognitive models, on the other hand, aim to represent the complexities of human thought 
processes, including memory, perception, problem-solving, and decision-making (Wang & Chiew, 
2010; Prezenski et al., 2017; Newell & Broder, 2008). These models incorporate elements such as 
emotions, context-awareness, and experiential learning, which are difficult to replicate in AI systems 
(Olider, 2024; Henning, 2023; Mishra & Tiwary, 2019). Unlike computational models that operate 
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linearly, cognitive models are dynamic and adaptive, integrating past experiences and emotional 
states to shape future behaviour. Human cognition is influenced by factors such as social interaction, 
personal beliefs, and cultural background—dimensions that AI cannot genuinely incorporate or 
understand. 

The Fundamental Differences Between AI and Human Intelligence 

One of the key arguments against AI being truly intelligent is its lack of intrinsic motivation and 
self-awareness—two essential attributes that differentiate human intelligence from artificial systems 
(Wang, 2023; Su, 2024; Zeng et al., 2024). While AI can perform complex tasks, optimise processes, 
and generate human-like responses, it lacks inherent drive or consciousness. Intrinsic motivation, 
which compels humans to pursue goals, learn new skills, and engage with the world for personal 
growth or emotional fulfillment, is absent in AI. Unlike humans, whose actions are influenced by 
emotions, values, and experiences, AI operates solely on external commands and predefined 
objectives (Dhaduk, 2023; Digiprima, 2025). This absence of intrinsic motivation limits AI’s ability to 
exhibit true autonomy or purpose, as it cannot engage in self-directed learning or experience curiosity 
and self-improvement beyond its programmed parameters. 

Self-awareness is another component of human intelligence which allows individuals to reflect 
on their thoughts, emotions, and actions, providing a sense of identity and enabling introspection, 
ethical reasoning, and personal development (Carden et al., 2022; Branch & George, 2014; London, 
2022). AI lacks this internal sense of self or consciousness, preventing it from recognizing limitations, 
adapting based on feedback, or making informed choices rooted in experience and aspiration (Zeng 
et al., 2024; Wan, 2024; Yin et al., 2024). Although AI can analyse data and execute tasks with precision, 
it does so without subjective experience or personal context. For example, an AI may provide virtual 
tutoring but lacks the emotional or ethical understanding necessary for compassionate teaching and 
learning. Without self-awareness, AI cannot exhibit true empathy, moral judgment, or independent 
thought, limiting its potential beyond statistical learning. 

Key Limitations of AI 

1. Lack of Consciousness and Understanding: A key limitation of AI is its reliance on syntactic 
processing rather than true semantic comprehension, a concept illustrated by John Searle's famous 
Chinese Room argument. According to Searle, an AI system may manipulate symbols and produce 
seemingly intelligent responses without actually understanding their meaning (Cole, 2004). AI 
processes input based on rules and patterns, responding in ways that align with statistical 
probabilities, but it does not grasp the underlying concepts or context. For example, a chatbot can 
respond to user queries fluently, but it lacks genuine comprehension of the conversation's emotional 
or philosophical nuances. 
A counterargument often raised is that advanced neural networks, particularly Deep Learning 
Models, can approximate understanding by recognizing complex patterns and correlations across 
vast datasets (Idrees, 2024; Yousef & Allmer, 2023; Zhou, 2018). Proponents argue that neural 
networks, such as transformer-based models, develop representations that mirror human-like 
cognitive processing (Ornes, 2022; Miller, 2024; Ito et al., 2022). However, critics maintain that these 
models still function on probabilistic associations rather than genuine comprehension (Pavlus, 2024; 
Puebla et al., 2019; Li et al., 2023). Despite impressive advancements in natural language processing 
and image recognition, AI lacks the conscious experience and subjective understanding inherent in 
human cognition (Mogi, 2024; Farisco et al., 2024; Albantakis & Tononi, 2021). 

2. Dependency on Data and Patterns: Another argument against AI’s intelligence is its heavy 
dependency on training data and pattern recognition (Holzinger et al., 2023; Razavian, 2020; Data 
Idealogy, 2024). AI models require extensive datasets to function effectively and struggle when faced 
with scenarios outside their training parameters. While humans adapt and generalise knowledge 
across different contexts, AI is constrained by its programmed scope. For instance, an AI model 
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trained on historical data may fail to adapt to unprecedented situations, such as rapidly evolving 
economic trends or novel scientific discoveries. 
Similarly, in the healthcare sector, AI diagnostic tools have occasionally misinterpreted medical 
conditions due to biases in the training data, leading to incorrect predictions and potential harm to 
patients (Ueda, 2023; Murphy, 2024; Office of Minority Health, 2024; Smith, 2023). Similarly, 
autonomous vehicles have encountered challenges in unpredictable environments, such as reacting 
to rare road conditions or unexpected pedestrian behaviour (Rezwana & Lownes, 2024; 
MulticoreWare, 2024; Akridata, 2024; Miller et al., 2024). These examples illustrate AI’s inability to 
extrapolate beyond its learned experiences, underscoring the distinction between data-driven 
decision-making and human cognitive flexibility. 

3. Absence of Common-Sense Reasoning: AI's struggle with intuitive decision-making 
further reinforces the argument that it lacks true intelligence (Global Navigator LLC, 2024; 
Finlay, 2024; Kim, 2020). Humans possess an innate ability to apply common-sense 
reasoning to everyday situations, drawing on life experiences, cultural knowledge, and social 
awareness. This capability allows people to navigate ambiguous or uncertain scenarios with 
ease. In contrast, AI lacks the heuristic-based problem-solving approach that enables humans 
to make quick, informed decisions without explicit instruction (Felin & Holweg, 2024; 
Mukherjee & Chang, 2024; Gurney et al., 2023). 
For instance, an AI assistant might fail to recognise sarcasm or cultural nuances in 
conversation, leading to misinterpretations. In decision-making tasks, AI can optimise based 
on available data but struggles to consider abstract factors such as ethical dilemmas, 
emotional intelligence, and social context (Ong, 2021; Chang, 2023; Latif, 2022). Despite 
advancements in machine learning, AI still exhibits difficulty in areas requiring flexible, 
adaptive, and context-aware reasoning, making it ill-equipped for complex real-world 
challenges where human intuition is crucial. 

4. Ethical and Moral Shortcomings: Another fundamental limitation of AI is its inability to 
make value-based decisions without human input. Ethical and moral reasoning requires an 
understanding of abstract concepts such as fairness, empathy, and social responsibility—
qualities that AI lacks (Afroogh, 2024; Jiang, 2024; Cheng-Tek Tai, 2020; Tai, 2020). While 
AI systems can be programmed to follow ethical guidelines, they do not possess the intrinsic 
ability to weigh competing values or understand the human consequences of their decisions. 
Bias in AI algorithms further exacerbates ethical concerns. Since AI models are trained on 
historical data, they often inherit and amplify existing biases, leading to discriminatory 
outcomes in areas such as hiring, law enforcement, and lending. For example, facial 
recognition systems have been shown to exhibit racial and gender biases, disproportionately 
misidentifying individuals from underrepresented groups (Hardesty, 2018; Gentzel, 2021; 
Leslie, 2020). These biases raise significant questions about AI’s role in decision-making 
processes and the potential for perpetuating societal inequalities. 

The Illusion of AI Intelligence 

The Hype vs. Reality 

The widespread marketing of AI technologies has significantly contributed to the illusion that 
AI possesses genuine intelligence. Companies and media outlets often exaggerate the capabilities of 
AI systems, portraying them as autonomous, self-learning entities that can think, reason, and solve 
complex problems like humans (Federal Trade Commission, 2023; Stewart, 2024). Examples include 
advanced AI models such as GPT (Generative Pre-trained Transformer) and autonomous systems, 
which are frequently marketed as ground-breaking innovations capable of human-level 
understanding and decision-making. However, in reality, these systems rely on vast amounts of data 
and pattern recognition rather than true comprehension. 
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AI-generated text, for instance, can appear coherent and credible, yet it lacks the depth of human 
thought, emotional understanding, and contextual awareness. Similarly, autonomous vehicles are 
often promoted as intelligent machines capable of independent navigation, but their functionality 
remains highly dependent on predefined algorithms and environmental inputs (Wang et al., 2024; 
Hurair et al., 2024; Abdallaoui, 2023). The discrepancy between marketing narratives and actual AI 
performance has led to unrealistic public expectations, further fuelling misconceptions about AI's 
capabilities and limitations. 

Anthropomorphism in AI Perception 

A major factor contributing to the illusion of AI intelligence is anthropomorphism—the 
tendency to attribute human-like qualities to machines (Coghlan, 2024; Bhatti & Robert, 2023). As AI 
systems become more sophisticated in language processing and interaction, users often perceive 
them as intelligent beings capable of thought, emotion, and intention. Human-like interactions, such 
as chatbots mimicking conversational patterns or virtual assistants responding with humour and 
empathy, create the impression that AI possesses cognitive abilities beyond its actual capabilities. 

This misconception is further reinforced by the design choices made by AI developers, who 
intentionally incorporate features that make AI appear more relatable and intelligent. Voice assistants 
with natural-sounding speech, chatbots with personalised responses, and humanoid robots with 
expressive facial features all contribute to the illusion of consciousness and understanding (Guingrich 
& Graziano, 2023; Gros, 2022; Shanahan, 2024). However, these interactions are driven by pattern 
recognition and preprogramed responses rather than genuine intelligence. 

AI as an Augmentative Tool, Not an Autonomous Intelligence 

AI should be seen as a complement to human intelligence rather than a replacement 
(Brynjolfsson & McAfee, 2017; Russell & Norvig, 2021). While AI excels at processing vast amounts 
of data, identifying patterns, and automating repetitive tasks, it lacks critical human attributes such 
as creativity, ethical reasoning, and emotional intelligence (Tegmark, 2017). The most effective use of 
AI lies in collaborative settings, where it enhances human capabilities by providing data-driven 
insights and automating mundane tasks, allowing humans to focus on strategic, creative, and 
interpersonal aspects of work (Wilson & Daugherty, 2018). For instance, in sectors like healthcare and 
education, AI can support professionals by analysing data, offering recommendations, and 
streamlining administrative processes. However, decision-making, ethical considerations, and 
nuanced judgment must remain in human hands (Bostrom, 2014). 

Several industries have successfully leveraged AI to enhance rather than replace human roles. 
In healthcare, AI-powered diagnostic tools assist doctors in analyzing medical images, predicting 
disease outbreaks, and personalizing treatment plans (Topol, 2019). For example, AI-driven 
radiology systems can identify anomalies in scans with high accuracy, helping radiologists make 
faster, more precise diagnoses while reducing workload (Esteva et al., 2017). However, human 
expertise remains essential in interpreting results within a broader clinical context (Rajpurkar et al., 
2018). 

In education, AI has been integrated to personalise learning experiences and provide real-time 
feedback to students (Luckin et al., 2016). Intelligent tutoring systems can adapt to individual learning 
styles, offering tailored recommendations and pinpointing areas where students need extra support 
(Holmes et al., 2019). However, teachers are indispensable for providing emotional support, fostering 
critical thinking, and addressing students' social and emotional development (Selwyn, 2019). AI 
enhances the learning process but cannot replace the nuanced understanding and mentorship 
educators offer. 

In business, AI-powered analytics tools help organizations make data-driven decisions, optimise 
supply chains, and improve customer experiences (Davenport & Ronanki, 2018). AI algorithms 
analyse consumer behaviour and market trends, providing insights that inform business strategies 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 27 January 2025 doi:10.20944/preprints202501.1953.v1

https://doi.org/10.20944/preprints202501.1953.v1


 7 of 15 

 

(Agrawal et al., 2018). However, leadership, creativity, and interpersonal skills remain uniquely 
human, and businesses that successfully integrate AI do so by using it as a decision-support tool, not 
an autonomous decision-maker (Brynjolfsson et al., 2020). 

Despite its potential to augment human capabilities, over-reliance on AI poses risks, including 
the de-skilling of human professionals (Frank et al., 2019). As AI becomes more advanced and 
integrated into workflows, there is a danger that individuals may become overly dependent on it, 
leading to a decline in critical thinking, problem-solving abilities, and domain expertise (Frey & 
Osborne, 2017). For instance, excessive reliance on AI in medical diagnostics could erode healthcare 
professionals' diagnostic skills, potentially compromising patient care when AI systems fail or 
encounter unfamiliar scenarios (Davenport & Kalakota, 2019). Additionally, AI integration raises 
concerns about job displacement and the erosion of traditional skill sets (Manyika et al., 2017). While 
AI enhances efficiency and productivity, it also threatens the value of human labour in certain tasks. 
The challenge lies in ensuring AI complements, rather than replaces, human roles, preserving the 
unique capabilities humans bring to the workforce (Bessen, 2019). 

Debunking Popular Myths About AI 

Myth 1: AI Can Think and Feel: A common misconception is that AI possesses cognitive 
abilities akin to human thought and emotion. Popular media and science fiction often depict AI as 
sentient beings capable of experiencing emotions, forming opinions, and engaging in independent 
reasoning (Kurzweil, 2005; Bostrom, 2014). However, AI fundamentally lacks subjective experience 
and consciousness (Chalmers, 1996; Koch, 2004). AI operates through complex algorithms that 
process and respond to data based on pre-programmed rules and statistical correlations (Russell & 
Norvig, 2021; Goodfellow, Bengio, & Courville, 2016), without any genuine understanding or 
awareness. The lack of consciousness means AI cannot possess true intent, understanding, or moral 
responsibility (Marcus & Davis, 2019; Russell & Norvig, 2021), reinforcing the fact that AI remains a 
tool rather than an autonomous entity. 

Myth 2: AI Will Fully Replace Humans: The fear that AI will entirely replace human labour 
across all industries is another widespread misconception. While AI has indeed automated many 
routine and repetitive tasks, its capabilities remain limited when it comes to complex, uncertain, and 
dynamic environments that require human intuition, ethical judgment, and creativity (Frey & 
Osborne, 2013; Acemoglu & Restrepo, 2018). AI thrives in structured environments with clear rules 
and vast data availability but struggles in scenarios requiring contextual understanding, moral 
reasoning, and social intelligence (Russell & Norvig, 2021; Marcus & Davis, 2019). Evidence from 
sectors such as healthcare and education suggest that AI functions best as an augmentative tool rather 
than a replacement. For example, AI-assisted diagnostic tools can enhance the accuracy of medical 
diagnoses (Topol, 2019), but they cannot replace the empathetic decision-making of healthcare 
professionals. Similarly, in education, AI-powered platforms personalise learning experiences 
(Siemens & Wiggins, 2014), but they cannot replace the role of teachers in nurturing learners. 

Myth 3: AI Is Free of Bias and Errors: A prevalent belief is that AI systems are inherently 
objective and free from human biases. However, AI algorithms are trained on historical data collected 
and curated by humans, which often contain implicit biases. As a result, AI systems can perpetuate 
and even amplify existing social and cultural biases present in the data (Buolamwini & Gebru, 2018; 
Noble, 2018). Instances of biased AI decision-making have been observed in areas such as hiring 
processes, law enforcement, and loan approvals, where AI systems have disproportionately 
disadvantaged certain demographic groups due to biased training data. For example, AI-driven 
recruitment tools have been found to favour certain candidates based on biased historical hiring 
patterns, reinforcing systemic inequalities (Dastin, 2018). 

Ethical and Societal Implications of Overestimating AI 
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The widespread overestimation of AI's capabilities has significant ethical and societal 
implications such as: 

1. Implications for Employment: The impact of AI on employment is a widely debated concern, 
particularly the fear of large-scale job displacement. While the idea that AI can autonomously 
replace human workers is prevalent, the reality is more complex. AI often leads to job 
transformation rather than outright displacement (Frey & Osborne, 2013; Acemoglu & Restrepo, 
2018). Routine and repetitive tasks can be automated, but this creates opportunities for new roles 
that require human oversight, creativity, and emotional intelligence. For example, in industries 
like manufacturing and administration, AI-driven automation can boost efficiency, allowing 
workers to focus on more complex and strategic tasks (Ford, 2015). However, without proper 
reskilling and upskilling initiatives, this transition could worsen unemployment and economic 
disparities (Autor, 2019).  

2. Bias and Discrimination Concerns: AI systems trained on biased datasets can perpetuate and 
even amplify societal inequalities. Biases, whether racial, gender-based, or socioeconomic, can 
manifest in AI algorithms, leading to discriminatory outcomes in critical areas such as hiring, 
law enforcement, and finance (Angwin et al., 2016; Obermeyer et al., 2019; Barocas & Selbst, 2016; 
Selbst & Barocas, 2018). For instance, facial recognition technologies have been shown to perform 
poorly on minority groups, resulting in wrongful identifications and perpetuating systemic 
discrimination (Buolamwini & Gebru, 2018). 

3. Accountability and Transparency Challenges: AI decision-making processes are often 
complex, making it challenging to establish accountability and ensure transparency. Many AI 
models operate as "black boxes," where even developers may not fully understand how 
decisions are made (Lipton, 2016; Doshi-Velez & Kim, 2017). This lack of interpretability poses 
ethical concerns, especially in areas like healthcare, finance, and criminal justice, where the 
consequences of AI decisions can be severe (Goodfellow, Bengio, & Courville, 2016; Russell & 
Norvig, 2021). 

Future Directions and Recommendations 

1. Ethical AI Development: A human-centric approach to AI governance is essential to align 
technological advancements with societal values. 

2. Balancing Expectations with Reality: the media, policymakers, and educational institutions 
should collaborate to provide accurate, accessible information about AI, positioning it as a 
complement to human intelligence rather than an autonomous replacement. 

3. Interdisciplinary Collaboration: Researchers in fields like ethics, psychology, and sociology 
should work alongside AI developers to create systems that are both technically robust and 
socially responsible. 

Conclusion 

The analysis of AI’s capabilities highlights its inability to achieve true intelligence as understood 
in human terms. While AI demonstrates impressive computational power and pattern recognition 
abilities, it fundamentally lacks key elements of human intelligence, such as reasoning, creativity, 
consciousness, and emotional depth. The misconceptions surrounding AI’s potential, often fuelled 
by media and industry hype, have led to exaggerated expectations that do not align with its actual 
capabilities. Arguments such as the absence of intrinsic motivation, common-sense reasoning, and 
ethical judgment further underscore the distinction between AI’s imitation of intelligence and 
genuine human cognition. 

The final position of this paper asserts that AI should be recognised as a powerful augmentative 
tool rather than an autonomous intelligent entity. It excels at processing vast amounts of data, 
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identifying patterns, and performing repetitive tasks with efficiency; however, it remains inherently 
dependent on human input and oversight. Viewing AI as a complement to human abilities, rather 
than a replacement, is essential to ensuring that its deployment supports human endeavours rather 
than undermines them. 

As AI continues to evolve and integrate into various aspects of society, there is an urgent need 
for responsible AI adoption. Ethical considerations, such as fairness, transparency, and 
accountability, must be prioritised to prevent unintended harm and societal inequalities. 
Policymakers, developers, and end-users must collaborate to establish frameworks that ensure AI is 
used responsibly and aligns with human values.  
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