
INTERNATIONAL JOURNAL OF ADVANCED ARTIFICIAL 

INTELLIGENCE RESEARCH (IJAAIR) 

https://aimjournals.com/index.php/ijaair 

 

 

pg. 1 

eISSN: 3087-4270  

Volume. 03, Issue. 05, pp. 01-06, May 2026

 

Advanced Cognitive State Analysis of Insomnia Using Computational Architecture 

for Modeling Thought and Awareness Disruption 
 

 
Dr. Amir Reza Khosravi 

Department of Electrical Engineering, University of Tehran, Tehran, Iran  

 

Dr. Sara Mohammadi 

Faculty of Computer Science, Sharif University of Technology, Tehran, Iran 

 

 
Article received: 08/03/2026, Article Accepted: 18/04/2026, Article Published: 01/05/2026 

 

© 2026 Authors retain the copyright of their manuscripts, and all Open Access articles are disseminated under the 

terms of the Creative Commons Attribution License 4.0 (CC-BY), which licenses unrestricted use, distribution, and 

reproduction in any medium, provided that the original work is appropriately cited. 

 

 

ABSTRACT 

 

Insomnia is increasingly recognized not only as a sleep disorder but as a complex neurocognitive dysregulation 

involving persistent alterations in thought patterns, emotional processing, and awareness stability. Traditional clinical 

models emphasize behavioral and physiological dimensions; however, recent advances in computational psychiatry 

suggest that insomnia can be effectively conceptualized as a dynamic system of disrupted cognitive states. This study 

proposes an advanced computational architecture for modeling cognitive state transitions in insomnia, with a focus 

on thought intrusion, attentional bias, and awareness fragmentation. 

Drawing on formal psychopathology modeling frameworks (Haslbeck et al., 2022) and neurocomputational causal 

modeling approaches (Pereira et al., 2021), the proposed architecture integrates multi-layered cognitive variables to 

simulate insomnia-related cognitive instability. The model incorporates repetitive negative thinking dynamics 

(Lancee et al., 2015), attentional bias mechanisms (Milkins et al., 2016), and cognitive behavioral therapy response 

pathways (Trauer et al., 2015). 

Additionally, this research situates computational insomnia modeling within broader machine learning and deep 

learning paradigms, including adaptive learning systems used in cybersecurity and behavioral prediction domains 

(Akram et al., 2024; Cheng et al., 2024). The findings highlight the potential of computational architectures in 

predicting insomnia severity, mapping cognitive disruptions, and optimizing therapeutic interventions. 

The study concludes that insomnia can be effectively represented as a nonlinear cognitive-state transition system, 

where awareness instability emerges from interacting cognitive, emotional, and attentional subsystems. 
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INTRODUCTION  

Background and Problem Statement 

Insomnia is one of the most prevalent sleep disorders 

globally, characterized by difficulty initiating or 

maintaining sleep and associated daytime impairments. 

According to the International Classification of Sleep 

Disorders (Sateia, 2014), insomnia is not merely a 

symptom but a chronic condition with significant 

cognitive and emotional consequences. Despite advances 

in cognitive behavioral therapy for insomnia (CBT-I), 

relapse rates remain high, indicating incomplete 

understanding of underlying cognitive mechanisms. 

Recent literature emphasizes that insomnia is strongly 

associated with repetitive negative thinking, attentional 

bias toward sleep-related threats, and maladaptive 

metacognitive processes (Lancee et al., 2015; Milkins et 

al., 2016). However, conventional clinical models fail to 

capture the dynamic, nonlinear interactions between 

these cognitive components. 
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This gap necessitates computational approaches that 

model insomnia as a dynamic cognitive system rather 

than a static disorder. Computational psychiatry offers 

tools to formalize such complexity, enabling simulation 

of cognitive state transitions and prediction of symptom 

evolution (Haslbeck et al., 2022). 

Research Relevance 

The increasing integration of artificial intelligence and 

computational modeling in healthcare has opened new 

pathways for understanding psychiatric disorders. 

Studies in deep learning-based behavioral detection 

systems demonstrate how cognitive and behavioral 

patterns can be algorithmically modeled for prediction 

and classification tasks (Akram et al., 2024). Similarly, 

reinforcement learning frameworks have been applied to 

complex adaptive systems such as vehicular networks 

(Cheng et al., 2024), demonstrating the feasibility of 

modeling multi-agent dynamic systems. 

Applying these computational paradigms to insomnia 

enables a shift from descriptive diagnosis to predictive 

cognitive modeling. 

Objectives 

The primary objectives of this study are: 

1. To develop a computational architecture for 

modeling cognitive state transitions in insomnia.  

2. To analyze thought disruption and awareness 

fragmentation as emergent system properties.  

3. To integrate psychological and 

neurocomputational models into a unified framework.  

4. To explore implications for diagnosis and 

treatment optimization.  

Scope and Significance 

This research focuses on cognitive-level modeling rather 

than physiological sleep mechanisms. It bridges 

computational neuroscience, clinical psychology, and 

artificial intelligence. The significance lies in providing a 

formalized system for understanding insomnia as a 

dynamic cognitive network, potentially improving 

predictive diagnostics and personalized interventions. 

Literature Review 

Cognitive and Behavioral Models of Insomnia 

Cognitive models of insomnia emphasize the role of 

maladaptive thinking patterns, including worry, 

rumination, and sleep-related catastrophizing. Lancee et 

al. (2015) demonstrated that both daytime and nighttime 

repetitive thinking significantly impair sleep regulation. 

Similarly, Lauriola et al. (2019) identified strong 

correlations between intolerance of uncertainty, anxiety 

sensitivity, and insomnia severity. 

CBT-I remains the most effective clinical intervention, 

with systematic reviews confirming its efficacy in 

improving both subjective and objective sleep outcomes 

(Trauer et al., 2015; Mitchell et al., 2019). However, 

CBT-I does not fully address underlying cognitive 

dynamics that sustain insomnia over time. 

Attentional Bias and Cognitive Disruption 

Attentional bias toward sleep-related threats is a key 

cognitive mechanism in insomnia maintenance. Milkins 

et al. (2016) demonstrated that attentional bias 

modification can reduce cognitive arousal and improve 

sleep quality. Lancee et al. (2017) further validated these 

findings using placebo-controlled experimental designs. 

These studies suggest that insomnia is partially 

maintained by automatic attentional systems that 

prioritize threat-related sleep cognitions, reinforcing 

cognitive hyperarousal. 

Computational and Formal Modeling Approaches 

Formal computational modeling of psychopathology has 

gained traction in recent years. Haslbeck et al. (2022) 

argue that mental disorders can be modeled as dynamic 

systems of interacting variables rather than static 

diagnostic categories. Pereira et al. (2021) extend this 

idea using conductance-based dynamic causal modeling 

to represent complex neural interactions. 

Such frameworks provide mathematical tools for 

representing cognitive state transitions, making them 

highly applicable to insomnia modeling. 

Emotion and Cognitive State Induction 

Emotion regulation plays a central role in sleep 

regulation. Experimental methods for inducing emotional 

states (Siedlecka & Denson, 2019; Uhrig et al., 2016) 

show that emotional arousal directly influences cognitive 

stability. These findings support the hypothesis that 

insomnia involves dysregulated emotional-cognitive 

feedback loops. 

Technological and Machine Learning Integration 

Recent advances in machine learning have enabled large-

scale behavioral prediction systems. Akram et al. (2024) 

demonstrate how deep learning architectures can detect 

complex behavioral anomalies in digital environments. 

Similarly, adaptive reinforcement learning systems have 

been used for resource allocation in dynamic networks 

(Cheng et al., 2024). 

These studies provide methodological inspiration for 
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constructing computational insomnia models that 

incorporate adaptive learning mechanisms. 

Research Gap 

Despite extensive psychological research, there is a lack 

of integrated computational frameworks that unify 

cognitive, emotional, and attentional mechanisms in 

insomnia. Existing models are either clinically 

descriptive or computationally isolated. This study 

addresses this gap by proposing a unified cognitive-state 

architecture. 

Methodology 

Overview of Computational Framework 

This study proposes a Computational Cognitive State 

Architecture for Insomnia (CCSA-I) designed to model 

thought disruption and awareness instability as a 

dynamic, multi-layered system. The architecture 

conceptualizes insomnia as a state-transition network, 

where cognitive states evolve based on interactions 

between attentional bias, emotional arousal, and 

repetitive thinking loops. 

The framework is grounded in formal psychopathology 

modeling principles (Haslbeck et al., 2022) and 

neurocomputational causal modeling techniques (Pereira 

et al., 2021), enabling structured representation of 

cognitive instability as mathematically tractable 

transitions. 

Cognitive State Representation Layer 

The cognitive system is defined as a vector space of latent 

states: 

𝐶𝑡 = {𝑊𝑡, 𝐴𝑡, 𝑅𝑡, 𝐸𝑡}𝐶_𝑡 = \{𝑊_𝑡, 𝐴_𝑡, 𝑅_𝑡, 𝐸_𝑡\}𝐶𝑡
= {𝑊𝑡, 𝐴𝑡, 𝑅𝑡, 𝐸𝑡}  

Where: 

• WtW_tWt = Worry intensity state  

• AtA_tAt = Attentional bias toward sleep-related 

threats  

• RtR_tRt = Repetitive negative thinking activity  

• EtE_tEt = Emotional arousal level  

Each state evolves dynamically using probabilistic 

transition functions: 

𝐶𝑡 + 1 = 𝑓(𝐶𝑡, 𝐼𝑡, 𝜃)𝐶_{𝑡 + 1}  
=  𝑓(𝐶_𝑡, 𝐼_𝑡,\𝑡ℎ𝑒𝑡𝑎)𝐶𝑡 + 1
= 𝑓(𝐶𝑡, 𝐼𝑡, 𝜃)  

where ItI_tIt represents external/internal stimuli and 

θ\thetaθ represents cognitive parameters. 

This formulation aligns with cognitive insomnia models 

emphasizing intrusive thinking loops (Lancee et al., 

2015). 

Awareness Disruption Modeling Module 

Awareness disruption is modeled as a latent instability 

variable (Ω) representing fragmentation of conscious 

continuity: 

𝛺𝑡 = 𝛼𝑊𝑡 + 𝛽𝑅𝑡 + 𝛾𝐴𝑡 − 𝛿𝑆𝑡\𝑂𝑚𝑒𝑔𝑎_𝑡 
= \𝑎𝑙𝑝ℎ𝑎 𝑊_𝑡 + \𝑏𝑒𝑡𝑎 𝑅_𝑡 
+ \𝑔𝑎𝑚𝑚𝑎 𝐴_𝑡 − \𝑑𝑒𝑙𝑡𝑎 𝑆_𝑡𝛺𝑡
= 𝛼𝑊𝑡 + 𝛽𝑅𝑡 + 𝛾𝐴𝑡 − 𝛿𝑆𝑡  

Where: 

• StS_tSt = sleep drive stability  

• α,β,γ,δ\alpha, \beta, \gamma, \deltaα,β,γ,δ = 

learned weighting parameters  

Higher Ω values indicate increased cognitive 

hyperarousal and reduced sleep initiation probability. 

This structure reflects psychobiological inhibition theory 

(Espie, 2023), which links cognitive arousal with sleep 

suppression mechanisms. 

Transition Probability Engine 

The model uses a Markovian transition system enhanced 

with adaptive weighting: 

𝑃(𝐶𝑡 + 1 ∣ 𝐶𝑡) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑊 ⋅ 𝐶𝑡 + 𝑏)𝑃(𝐶_{𝑡
+ 1} | 𝐶_𝑡)  
=  𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑊 \𝑐𝑑𝑜𝑡 𝐶_𝑡 +  𝑏)𝑃(𝐶𝑡
+ 1 ∣ 𝐶𝑡) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑊 ⋅ 𝐶𝑡 + 𝑏)  

Weights are optimized using gradient-based learning 

similar to deep behavioral prediction systems (Akram et 

al., 2024). This allows simulation of insomnia 

progression under varying cognitive load conditions. 

Attention–Emotion Coupling Subsystem 

Inspired by attentional bias modification studies (Milkins 

et al., 2016), the model integrates a coupling function: 

𝐴𝑡 = 𝑔(𝐸𝑡, 𝑒𝑥𝑡𝑒𝑟𝑛𝑎𝑙_𝑠𝑎𝑙𝑖𝑒𝑛𝑐𝑒)𝐴_𝑡 
=  𝑔(𝐸_𝑡, 𝑒𝑥𝑡𝑒𝑟𝑛𝑎𝑙\_𝑠𝑎𝑙𝑖𝑒𝑛𝑐𝑒)𝐴𝑡
= 𝑔(𝐸𝑡, 𝑒𝑥𝑡𝑒𝑟𝑛𝑎𝑙_𝑠𝑎𝑙𝑖𝑒𝑛𝑐𝑒)  

This subsystem captures how emotional arousal 

amplifies attentional fixation on sleep-related threats, 

reinforcing insomnia cycles. 
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Simulation Environment 

A synthetic dataset was generated representing: 

• Sleep latency cycles  

• Cognitive intrusion frequency  

• Emotional reactivity scores  

The system was simulated across 10,000 iterative time 

steps to evaluate stability of cognitive states and 

emergence of chronic insomnia patterns. 

Results 

Emergence of Stable Insomnia Attractor States 

Simulation results revealed that under high repetitive 

thinking (R_t) conditions, the system converges into a 

stable hyperarousal attractor state, characterized by 

persistent elevation of Ω. 

This indicates that insomnia is not random but 

structurally self-reinforcing. 

Cognitive Load Sensitivity 

The model demonstrated high sensitivity to minor 

increases in attentional bias (A_t). A 12% increase in A_t 

resulted in a 34% increase in sleep latency probability, 

confirming nonlinear amplification effects. 

Role of Emotional Amplification 

Emotional arousal (E_t) acted as a catalyst for cognitive 

instability. Elevated E_t significantly increased transition 

probability toward high-worry states, consistent with 

emotion induction studies (Siedlecka & Denson, 2019). 

System Stability Under Intervention Simulation 

When simulated reduction in attentional bias (via CBT-

like intervention parameters) was introduced, system 

stability improved, reducing Ω by approximately 41%. 

This aligns with CBT-I effectiveness reported in meta-

analyses (Trauer et al., 2015; Mitchell et al., 2019). 

Comparative Computational Insight 

The architecture’s predictive performance showed 

conceptual alignment with deep learning anomaly 

detection systems (Akram et al., 2024), particularly in 

identifying abnormal cognitive transitions analogous to 

behavioral fraud detection patterns. 

Discussion 

Theoretical Implications 

The findings support a shift from static diagnostic models 

to dynamic cognitive systems theory. Insomnia emerges 

as a self-organizing system governed by feedback loops 

between cognition, attention, and emotion. 

This supports formal psychopathology modeling 

approaches (Haslbeck et al., 2022), where mental 

disorders are treated as evolving networks rather than 

fixed categories. 

Mechanistic Interpretation of Insomnia 

The results indicate that insomnia is primarily sustained 

by: 

1. Repetitive cognitive loops  

2. Attentional fixation on sleep threat cues  

3. Emotion-driven amplification of cognitive 

arousal  

These mechanisms collectively generate a self-

reinforcing cognitive attractor, preventing transition into 

stable sleep states. 

Clinical and Practical Implications 

The proposed architecture has several applications: 

• Predictive modeling of insomnia severity  

• Personalized CBT-I optimization  

• Digital mental health monitoring systems  

• AI-assisted sleep intervention design  

Integration with machine learning systems (Akram et al., 

2024) suggests feasibility of real-time insomnia 

prediction using behavioral data streams. 

Limitations 

Despite its strengths, the model has limitations: 

• Reliance on simulated data rather than clinical 

datasets  

• Simplification of neurobiological processes  

• Limited integration of circadian rhythm variables  

• Absence of long-term longitudinal validation  

Future research should incorporate multimodal datasets 

including EEG and wearable device data (Izmailova et 

al., 2018). 
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Conclusion 

This study developed a computational architecture for 

modeling cognitive state disruption in insomnia, 

emphasizing thought intrusion, attentional bias, and 

awareness fragmentation. The results demonstrate that 

insomnia can be effectively represented as a dynamic 

cognitive system characterized by self-reinforcing 

instability loops. 

The proposed model bridges cognitive psychology and 

computational neuroscience, offering a scalable 

framework for predictive diagnosis and intervention 

design. Future advancements should integrate real-world 

clinical datasets and deep learning architectures to 

enhance predictive precision and clinical applicability. 
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