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ABSTRACT 

Artificial intelligence (AI) and machine learning (ML) have transformed decision-making, automation, and predictive analytics 

across domains such as healthcare, finance, cybersecurity, education, and industrial systems. However, conventional ML and 

deep learning models are often criticized for their “black-box” nature, lacking transparency, interpretability, and alignment 

with human reasoning. These limitations reduce trust, accountability, and adoption in high-stakes applications. To address 

these challenges, cognitive-inspired explainable machine learning has emerged as an interdisciplinary paradigm integrating 

principles of human cognition, reasoning, memory, perception, and adaptive learning into intelligent systems. Unlike 

traditional ML approaches focused primarily on predictive accuracy, cognitive-inspired explainable ML emphasizes human-

aligned reasoning, contextual understanding, transparent inference, and ethical responsibility. This review critically examines 

the theoretical foundations, historical evolution, methodologies, and architectural frameworks of cognitive-inspired 

explainable machine learning. It discusses cognitive computing principles, explainability techniques, neuro-symbolic 

intelligence, fairness, bias mitigation, robustness, and privacy-preserving models. The review also explores applications in 

healthcare diagnostics, precision medicine, pharmaceutical drug discovery, psychiatric disorder prediction, financial 

forecasting, cybersecurity, intelligent transportation, and smart governance. Comparative analyses of explainability methods 

and cognitive architectures are presented to identify strengths, limitations, and implementation challenges. Furthermore, the 

review highlights barriers to adoption, including computational complexity, interpretability-performance trade-offs, legal 

constraints, model uncertainty, data heterogeneity, and ethical concerns in autonomous decision-making. Future directions 

involving adaptive cognition, emotionally intelligent AI, continual learning, personalized intelligence, and collaborative 

human-machine ecosystems are also discussed, positioning cognitive-inspired explainable ML as a key pathway toward 

transparent, trustworthy, and socially responsible AI systems. 

Keywords: Cognitive-Inspired Machine Learning; Explainable Artificial Intelligence (XAI); Human-Centric AI; Trustworthy Artificial 

Intelligence; Predictive Intelligence; Cognitive Computing. 

 
INTRODUCTION 

Artificial intelligence has witnessed extraordinary 

progress over the past several decades, fundamentally 

altering how computational systems perceive, interpret, 

and respond to complex real-world information. Machine 

learning, a major subdomain of artificial intelligence, 

enables computational systems to identify patterns, learn 

from data, and make predictions without explicit 

programming instructions [1]. These capabilities have 

significantly improved automation, decision support, 

image recognition, language processing, medical diagnosis, 

and personalized recommendations across multiple 

industries [2]. However, despite exceptional predictive 

achievements, machine learning models continue to face 

substantial criticism because many advanced systems, 

particularly deep neural networks, function as opaque 

“black-box” mechanisms whose internal reasoning 
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processes remain largely incomprehensible to human 

users [3]. 

The inability to interpret machine-generated decisions 

presents serious challenges, particularly in sensitive 

domains such as healthcare, pharmaceutical sciences, 

criminal justice, financial services, autonomous vehicles, 

and cybersecurity, where transparency and accountability 

are essential requirements [4]. In medical diagnosis, for 

example, clinicians may hesitate to rely on a machine 

learning model if it cannot adequately explain why a 

particular disease prediction was generated. Likewise, 

pharmaceutical researchers increasingly require 

interpretable computational systems capable of justifying 

drug candidate prioritization to ensure scientific validity 

and patient safety [5]. Consequently, interpretability and 

explainability have become central concerns in artificial 

intelligence research. 

Traditional machine learning systems prioritize predictive 

performance while often neglecting interpretability and 

human understanding. High-performance algorithms such 

as deep neural networks, ensemble learning methods, 

and reinforcement learning architectures frequently 

exhibit superior accuracy but offer limited transparency 

regarding how decisions are produced [6]. This limitation 

has motivated the emergence of explainable artificial 

intelligence (XAI), an interdisciplinary research area 

dedicated to designing computational methods capable of 

providing understandable explanations for algorithmic 

predictions [7]. Explainable artificial intelligence aims to 

improve trust, accountability, fairness, and transparency 

while reducing risks associated with biased or unreliable 

automated decisions. 

The increasing demand for explainability has 

simultaneously encouraged researchers to revisit insights 

from cognitive science and neuroscience to create more 

human-compatible artificial intelligence systems [8]. 

Human cognition involves reasoning, contextual 

adaptation, memory retention, perception, problem-

solving, emotional intelligence, and explainable decision-

making processes [9]. Unlike conventional machine 

learning algorithms that often depend solely on statistical 

optimization, humans generally justify their decisions 

through logical explanations, contextual evidence, and 

experiential reasoning. This distinction has led to the 

development of cognitive-inspired machine 

learning, an emerging paradigm designed to emulate 

selected mechanisms of human intelligence to improve 

machine reasoning and interpretability [10]. 

Cognitive-inspired machine learning integrates cognitive 

principles such as attention, memory, hierarchical 

reasoning, symbolic inference, and adaptive learning into 

artificial intelligence architectures [11]. By incorporating 

cognitive mechanisms, machine learning systems can 

potentially achieve improved transparency, enhanced 

contextual awareness, and greater trustworthiness. 

Importantly, cognitive-inspired frameworks seek to 

bridge the gap between purely statistical learning and 

human-like reasoning, thereby facilitating meaningful 

collaboration between humans and intelligent systems 

[12]. 

The convergence of cognitive-inspired computing and 

explainable artificial intelligence has subsequently given 

rise to a novel research direction known as cognitive-

inspired explainable machine learning. This 

interdisciplinary paradigm aims to produce machine 

intelligence systems that not only demonstrate high 

predictive accuracy but also generate understandable, 

trustworthy, and contextually meaningful explanations 

[13]. Such systems are increasingly considered essential 

for achieving human-centric artificial intelligence, where 

technological innovations prioritize human welfare, 

fairness, and ethical accountability [14]. 

Human-centric artificial intelligence emphasizes 

collaboration between humans and machines rather than 

full automation or replacement of human expertise [15]. 

Instead of treating humans as passive recipients of 

algorithmic outputs, human-centric AI encourages 

transparent interactions in which intelligent systems 

explain reasoning processes, acknowledge uncertainty, 

and support informed decision-making [16]. This 

paradigm is particularly valuable in healthcare and 

pharmaceutical sciences, where physicians and 

pharmacists require interpretable decision-support tools 

capable of enhancing diagnostic precision while 

preserving professional autonomy [17]. 

The significance of cognitive-inspired explainable machine 

learning is further amplified by growing concerns 

regarding fairness, algorithmic bias, and ethical 

accountability. Numerous machine learning systems have 

demonstrated unintended discriminatory outcomes due 

to biased datasets, poor feature selection, or hidden 

algorithmic assumptions [18]. Trustworthy AI 

frameworks increasingly emphasize fairness, 

transparency, accountability, robustness, privacy 

preservation, and human oversight as essential principles 

governing responsible technological development [19]. 

Therefore, integrating cognitive intelligence with 

explainability mechanisms offers promising opportunities 

for addressing many of these concerns. 

Recent advances in neuro-symbolic intelligence, causal 

inference, interpretable neural networks, attention 

mechanisms, and hybrid reasoning systems have 

substantially contributed to the development of 

explainable cognitive architectures [20]. These 

technologies combine symbolic reasoning with statistical 

learning to improve interpretability while maintaining 

predictive performance. Such approaches enable machine 

learning systems to provide rational justifications for 

decisions, thereby supporting trust and facilitating human 

validation [21]. 
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The rapid evolution of cognitive-inspired explainable 

machine learning has generated increasing academic 

interest, yet comprehensive reviews integrating cognitive 

computing, explainable AI, trustworthy intelligence, 

predictive systems, and human-centric computational 

design remain limited [22]. Existing literature frequently 

addresses these components independently, resulting in 

fragmented understanding and limited interdisciplinary 

integration [23]. Therefore, a comprehensive synthesis 

examining theoretical foundations, practical applications, 

methodological innovations, ethical implications, and 

future research directions is urgently required. 

The present review aims to comprehensively evaluate 

the conceptual foundations, methodological frameworks, 

and practical implications of cognitive-inspired 

explainable machine learning in advancing trustworthy 

and predictive artificial intelligence systems. The article 

critically analyzes explainability mechanisms, cognitive 

architectures, predictive intelligence frameworks, ethical 

considerations, fairness strategies, and domain-specific 

applications while identifying unresolved challenges and 

emerging opportunities [24]. A comparative overview of 

key methodologies employed in cognitive-inspired 

explainable machine learning is presented in Table 01. 

Table 01: Comparative Overview of Cognitive-Inspired 

Explainable Machine Learning Approaches 

Approa

ch 

Core 

Principle 

Explai

nabili

ty 

Level 

Huma

n-

Centri

c 

Capab

ility 

Major 

Applica

tions 

Symbolic 

AI 

Rule-based 

reasoning 
High High 

Clinical 

decision 

support 

Deep 

Learning 

Statistical 

pattern 

recognition 

Low 
Modera

te 

Image 

recogniti

on 

Explainab

le AI 

Transparen

t 

prediction 

mechanism

s 

High High 

Healthca

re 

analytics 

Neuro-

Symbolic 

AI 

Combined 

symbolic 

and neural 

intelligence 

High 
Very 

High 

Drug 

discovery 

Reinforce

ment 

Learning 

Adaptive 

behavioral 

optimizatio

n 

Moder

ate 

Modera

te 
Robotics 

As shown in Table 01, explainability and human-centric 

adaptability differ substantially across computational 

paradigms. Neuro-symbolic intelligence and explainable 

AI demonstrate considerable promise for achieving 

balanced predictive performance and interpretability [25]. 

The conceptual relationship between cognition, 

explainability, trustworthiness, and predictive intelligence 

in cognitive-inspired machine learning systems is 

illustrated in Figure 01. 

 
Figure 01: Conceptual Framework of Cognitive-Inspired 

Explainable Machine Learning [26] 

The remainder of this review systematically explores the 

evolution, theoretical foundations, methodologies, 

applications, ethical considerations, challenges, and future 

perspectives of cognitive-inspired explainable machine 

learning. By synthesizing interdisciplinary evidence, this 

review seeks to establish a comprehensive scholarly 

foundation for future research and practical 

implementation of transparent, trustworthy, and human-

centric artificial intelligence systems [27–29]. 

 

EVOLUTION OF MACHINE LEARNING AND 

COGNITIVE INTELLIGENCE 

The evolution of machine learning and cognitive 

intelligence represents one of the most transformative 

scientific developments in modern computational science. 

Artificial intelligence has progressed from rule-based 

symbolic systems to highly sophisticated predictive 

architectures capable of recognizing patterns, generating 

language, and supporting complex decision-making 

processes. Despite remarkable advances in 

computational capabilities, researchers increasingly 

recognize that predictive accuracy alone is insufficient for 

achieving truly intelligent systems. Instead, future artificial 

intelligence requires human-like reasoning, contextual 

awareness, explainability, trustworthiness, and 

adaptability. The convergence of machine learning with 

cognitive science has consequently emerged as a critical 

pathway toward achieving human-centric artificial 

intelligence systems capable of transparent and 

interpretable decision-making [31]. 
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The earliest foundations of artificial intelligence can be 

traced to philosophical and mathematical inquiries 

regarding automated reasoning and symbolic 

representation. During the mid-twentieth century, 

pioneering researchers envisioned computational systems 

capable of mimicking human intelligence through 

symbolic manipulation and logical inference. Early artificial 

intelligence models emphasized explicit rule-based 

reasoning systems in which expert knowledge was 

manually encoded into computational frameworks. These 

systems, commonly known as symbolic AI or expert 

systems, demonstrated promising results in structured 

environments where logical relationships could be 

formally represented. 

One of the earliest milestones in machine intelligence 

was the conceptualization of the Turing Test by Alan 

Turing, which proposed evaluating machine intelligence 

based on a machine’s ability to imitate human 

conversational behavior [32]. This conceptual framework 

stimulated research into computational reasoning and 

machine cognition. However, early symbolic systems 

suffered from substantial limitations because manually 

encoded rules could not efficiently adapt to uncertainty, 

ambiguity, or rapidly changing environments. 

During the 1950s and 1960s, perceptron models 

introduced the concept of computational learning 

inspired by biological neural networks. These systems 

attempted to replicate basic aspects of neuronal 

processing through weighted mathematical functions 

capable of learning simple patterns from data [32]. 

Although early neural systems demonstrated limited 

performance, they established the conceptual basis for 

contemporary machine learning and deep learning 

architectures. 

The historical progression of machine learning paradigms 

is summarized in Table 02. 

Table 02: Historical Evolution of Machine Learning and 

Cognitive Intelligence 

Perio

d 

Major 

Developme

nt 

Characteristi

cs 

Key 

Limitatio

n 

1950–

1970 
Symbolic AI 

Rule-based 

reasoning 

Poor 

adaptability 

1970–

1990 

Expert 

Systems 

Knowledge-

based 

automation 

Limited 

scalability 

1990–

2010 

Statistical 

Machine 

Learning 

Data-driven 

prediction 

Low 

interpretabi

lity 

2010–

2020 

Deep 

Learning 

Revolution 

High predictive 

accuracy 

Black-box 

nature 

2020–

Prese

nt 

Cognitive-

Inspired 

Explainable 

Human-centric 

intelligence 

Computati

onal 

complexity 

AI 

As illustrated in Table 02, artificial intelligence 

development has evolved from symbolic reasoning 

toward cognitive-inspired explainable systems 

emphasizing trust, interpretability, and collaboration 

between humans and machines. 

The 1970s and 1980s witnessed substantial growth in 

expert systems, which attempted to replicate specialist-

level reasoning in fields such as medicine, engineering, 

and industrial automation. Expert systems employed 

large repositories of manually constructed decision rules 

to simulate human expertise. One notable example was 

medical diagnostic software capable of supporting 

clinicians in identifying infectious diseases based on 

symptoms and laboratory findings [33]. While these 

systems demonstrated practical value, their inability to 

generalize beyond predefined knowledge constraints 

significantly restricted their adaptability. 

A major paradigm shift occurred during the 1990s with 

the emergence of statistical machine learning approaches. 

Unlike symbolic systems dependent upon manually 

encoded rules, statistical learning methods enabled 

computational models to identify hidden relationships 

directly from observational data. Algorithms such as 

decision trees, support vector machines, Bayesian 

classifiers, and artificial neural networks gained popularity 

due to their ability to learn predictive patterns without 

explicit programming. 

Machine learning introduced several transformative 

advantages, including improved scalability, data-driven 

adaptability, and enhanced predictive performance across 

diverse application domains. Medical diagnosis, speech 

recognition, natural language processing, 

recommendation systems, and financial forecasting 

increasingly benefited from machine learning techniques 

capable of extracting meaningful information from large 

datasets. Nevertheless, many statistical learning systems 

remained difficult to interpret because prediction 

mechanisms frequently lacked transparent reasoning 

pathways [34]. 

The rise of big data, cloud computing, and advanced 

computational hardware subsequently accelerated the 

emergence of deep learning during the early twenty-first 

century. Deep learning architectures utilize multiple 

computational layers to automatically learn hierarchical 

feature representations from raw input data. 

Convolutional neural networks revolutionized image 

analysis, while recurrent neural networks and 

transformer architectures dramatically advanced natural 

language processing capabilities. 

Deep learning systems achieved unprecedented 

predictive accuracy in areas including medical image 

analysis, autonomous vehicles, molecular modeling, 

language translation, and intelligent automation. 

However, despite exceptional performance, deep 
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learning introduced a major challenge known as the 

black-box problem, wherein complex neural 

computations become nearly impossible for humans to 

interpret [35]. In high-risk environments, the absence of 

explainability generated significant ethical and practical 

concerns. 

For example, if an artificial intelligence system predicts 

the presence of schizophrenia, cardiovascular disease, or 

adverse drug reactions without explaining contributing 

variables, healthcare professionals may struggle to trust 

or validate the recommendation. Similarly, in 

pharmaceutical drug discovery, researchers require 

transparent evidence supporting molecular predictions to 

ensure reproducibility and scientific accountability. 

Consequently, concerns regarding transparency 

stimulated growing interest in explainable artificial 

intelligence. 

The emergence of explainable artificial intelligence (XAI) 

marked an important transition in machine learning 

research. Explainable AI seeks to make algorithmic 

outputs understandable through interpretable models, 

feature importance estimation, causal reasoning, visual 

explanations, and human-readable decision pathways 

[36]. Instead of prioritizing predictive performance alone, 

explainable artificial intelligence emphasizes transparency, 

accountability, and trust. 

Several explainability techniques emerged to address 

interpretability limitations. These include local 

interpretable model-agnostic explanations (LIME), 

Shapley additive explanations (SHAP), saliency mapping, 

counterfactual reasoning, attention visualization, and 

surrogate models. Such techniques enable researchers to 

identify which variables contribute to predictions and 

explain why decisions are generated. 

However, explainability alone does not fully address the 

challenge of human-compatible intelligence. Human 

cognition involves reasoning, perception, memory, 

contextual adaptation, intuition, and emotional 

understanding-capabilities that traditional machine 

learning frameworks only partially emulate. Therefore, 

researchers increasingly turned toward cognitive science 

for inspiration. 

Cognitive intelligence refers to computational systems 

capable of mimicking selected characteristics of human 

thinking and reasoning processes. Cognitive architectures 

seek to model mechanisms such as learning, memory, 

problem-solving, contextual interpretation, and adaptive 

decision-making [37]. Unlike traditional statistical 

learning, cognitive-inspired systems attempt to integrate 

symbolic reasoning with probabilistic inference to create 

more interpretable and human-like intelligence. 

The transition from conventional machine learning 

toward cognitive-inspired computational systems is 

illustrated conceptually in Figure 02. 

 
Figure 02: Evolution of Artificial Intelligence from 

Symbolic Systems to Cognitive-Inspired Explainable 

Machine Learning 

As depicted in Figure 02, the evolution of artificial 

intelligence reflects a progressive movement from rigid 

rule-based computation toward adaptive, explainable, and 

human-aligned intelligence systems. Modern 

computational frameworks increasingly emphasize trust, 

interpretability, fairness, and collaboration rather than 

purely automated prediction. 

An important advancement in cognitive-inspired 

intelligence is the emergence of neuro-symbolic artificial 

intelligence, which integrates symbolic reasoning with 

neural computation [56]. Symbolic systems contribute 

logical transparency, while neural networks contribute 

adaptive learning and predictive power. Together, these 

methods provide a balanced framework capable of 

generating interpretable and scalable intelligence systems. 

Attention mechanisms constitute another cognitive-

inspired innovation significantly improving machine 

intelligence. Human cognition selectively prioritizes 

relevant information while ignoring irrelevant stimuli. 

Attention-based machine learning models emulate this 

capability by selectively weighting important features 

during decision-making processes [38]. Transformer 

architectures, widely employed in language processing 

and predictive analytics, exemplify successful 

implementation of cognitive attention principles. 

Memory-inspired learning also represents an important 

aspect of cognitive machine intelligence. Humans 

continuously integrate prior experiences into future 

decision-making processes. Cognitive-inspired machine 

learning increasingly incorporates long-term memory 

architectures capable of retaining historical contextual 

information for adaptive predictions. Such systems 

demonstrate significant value in healthcare monitoring, 

personalized medicine, and longitudinal behavioral 

prediction. 

Human-centric artificial intelligence further accelerated 

the evolution of cognitive-inspired systems by 

emphasizing meaningful collaboration between humans 

and computational agents [60]. Human-centric 
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intelligence prioritizes transparency, interpretability, 

fairness, and ethical responsibility. Instead of replacing 

human expertise, these systems function as intelligent 

collaborators supporting informed decision-making. 

The increasing importance of trustworthy artificial 

intelligence has additionally influenced cognitive-inspired 

machine learning development. Trustworthy AI 

frameworks emphasize fairness, robustness, 

transparency, privacy, safety, and accountability [39]. 

Cognitive-inspired explainable systems are increasingly 

viewed as essential mechanisms for achieving these goals 

because they facilitate understandable and ethically 

responsible decision-making processes. 

The rapid convergence of cognitive science, machine 

learning, explainability, and ethical artificial intelligence 

has consequently established cognitive-inspired 

explainable machine learning as a promising frontier in 

intelligent system development. These systems seek not 

only to predict outcomes accurately but also to explain 

reasoning, justify uncertainty, and align technological 

behavior with human values [40-41]. 

The subsequent section critically explores the theoretical 

foundations and architectural principles of cognitive-

inspired machine learning, emphasizing human cognition, 

reasoning mechanisms, memory systems, and 

explainability strategies contributing to trustworthy 

artificial intelligence. 

 

CONCLUSION 

Cognitive-inspired explainable machine learning 

represents an emerging paradigm that combines human 

cognitive principles with explainable artificial intelligence 

to develop transparent, trustworthy, and predictive 

intelligent systems. While conventional machine learning 

models offer high predictive accuracy, their black-box 

nature limits interpretability and trust, particularly in 

critical domains such as healthcare and pharmaceutical 

sciences. The evolution from symbolic AI to deep 

learning and cognitive-inspired frameworks highlights the 

growing need for human-centric, ethical, and explainable 

computational systems. By integrating cognitive 

reasoning, explainability, and trustworthy AI principles, 

future intelligent systems can improve decision-making, 

transparency, fairness, and user confidence. Despite 

challenges related to complexity, bias, and scalability, 

cognitive-inspired explainable machine learning is 

expected to play a vital role in advancing responsible and 

human-aligned artificial intelligence. 
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