
Volume-08 Issue 12, December-2024                                                                                           ISSN: 2456-9348 

                                                                                                                                                  Impact Factor:7.936 

  

 
International Journal of Engineering Technology Research & Management (IJETRM) 

Journal Article 

https://ijetrm.com/issue/  

 

IJETRM (http://ijetrm.com/)   [743]   

 

 

ELECTRICAL RESISTIVITY AND DIELECTRIC PERFORMANCE OF TIO₂/PEEK 

NANOCOMPOSITES FOR SEMICONDUCTOR ENCAPSULATION: BALANCING 

THERMAL AND ELECTRICAL PROPERTY REQUIREMENTS 
 

Temitope Haleemat Adisa 

Lamar University, Beaumont, TX, USA 
 

 

ABSTRACT 

The increasing demand for high-performance materials in semiconductor packaging has intensified the need for 

polymer systems that can simultaneously deliver superior electrical insulation, thermal stability, and mechanical 

reliability. At a broader level, advancements in electronic miniaturization and high-power-density devices have 

exposed the limitations of conventional encapsulation materials, particularly in managing heat dissipation while 

maintaining dielectric integrity. Polymer nanocomposites have emerged as promising candidates to address these 

challenges by enabling tailored multifunctional properties through controlled filler incorporation. Focusing more 

specifically, TiO₂-reinforced polyether ether ketone (PEEK) nanocomposites offer a compelling balance between 

electrical resistivity and dielectric performance, making them suitable for advanced semiconductor encapsulation. The 

incorporation of TiO₂ nanoparticles enhances interfacial polarization and dielectric stability while influencing charge 

transport mechanisms within the polymer matrix. However, optimizing filler dispersion and concentration is critical, 

as excessive loading can lead to agglomeration, reduced insulation performance, and compromised mechanical 

properties. This study highlights the interplay between thermal conductivity, electrical resistivity, and dielectric 

behavior in TiO₂/PEEK systems, emphasizing the importance of microstructural control and interface engineering. 

Ultimately, achieving an optimal balance of these properties is essential for developing reliable, next-generation 

encapsulation materials for high-performance semiconductor applications. 
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1.0 INTRODUCTION 

1.1 Background and Technological Context  

The rapid evolution of semiconductor technologies has led to increasingly stringent requirements for advanced 

packaging materials capable of supporting higher power densities and miniaturized device architectures [1]. As 

electronic components become more compact, the demand for materials that can simultaneously manage thermal 

dissipation and maintain electrical insulation has intensified, particularly in high-performance and power electronic 

applications [2]. This dual requirement introduces significant challenges due to the inherent coupling between thermal 

and electrical properties in polymer-based systems [3]. 

Traditional encapsulation materials, particularly epoxy-based resins, have been widely used due to their ease of 

processing and favorable mechanical properties [4]. However, these materials exhibit relatively low thermal 

conductivity, limiting their effectiveness in dissipating heat generated in high-power devices [5]. Additionally, their 

performance tends to degrade under prolonged thermal and electrical stress, making them less suitable for next-

generation applications [6]. 

In response, high-performance polymer nanocomposites, such as those based on polyether ether ketone (PEEK), have 

emerged as promising alternatives due to their superior thermal stability and mechanical strength [7]. The 

incorporation of ceramic nanoparticles, including titanium dioxide (TiO₂), offers the potential to enhance thermal 

conductivity while preserving dielectric properties, thereby enabling multifunctional performance in advanced 

semiconductor packaging systems [8]. 

1.2 Problem Statement  

https://ijetrm.com/issue/
http://ijetrm.com/


Volume-08 Issue 12, December-2024                                                                                           ISSN: 2456-9348 

                                                                                                                                                  Impact Factor:7.936 

  

 
International Journal of Engineering Technology Research & Management (IJETRM) 

Journal Article 

https://ijetrm.com/issue/  

 

IJETRM (http://ijetrm.com/)   [744]   

 

 

Despite the potential of polymer nanocomposites, achieving an optimal balance between electrical insulation and 

thermal conductivity remains a significant challenge, as improvements in one property often come at the expense of 

the other [2]. The addition of nanoparticles can enhance thermal pathways within the composite, but excessive loading 

may lead to agglomeration, reduced dielectric strength, and compromised material integrity [5]. 

Moreover, the experimental optimization of nanoparticle concentration and dispersion is both time-consuming and 

resource-intensive, requiring extensive trial-and-error approaches that limit scalability and innovation [3]. The 

complex interplay between filler morphology, interfacial interactions, and processing conditions further complicates 

material design, making it difficult to predict performance outcomes using conventional methods [6]. 

These challenges highlight the need for predictive frameworks that can model and optimize material properties 

efficiently, reducing reliance on empirical experimentation while enabling targeted design of high-performance 

nanocomposites [7]. 

1.3 Aim and Research Objectives  

This study aims to develop a machine learning-driven predictive model for optimizing the thermal and electrical 

performance of TiO₂/PEEK nanocomposites used in semiconductor packaging applications [4]. The research seeks to 

identify optimal nanoparticle loading conditions that maximize thermal conductivity without compromising dielectric 

strength, leveraging data-driven techniques to enhance material design efficiency [8]. 

Additionally, the study integrates physics-based insights with artificial intelligence methodologies to capture the 

underlying mechanisms governing nanocomposite behavior, enabling more accurate and interpretable predictions [1]. 

By combining computational modeling with material science principles, the research provides a structured framework 

for accelerating the development of next-generation encapsulation materials [6]. 

 

2.0 MATERIAL SCIENCE FOUNDATIONS AND GOVERNING PHYSICS 

2.1 Electrical Resistivity and Conductivity Models  

2.1.1 Ohmic Conduction in Nanocomposites  

Electrical conduction in polymer nanocomposites is commonly described using Ohmic principles, where current 

density is directly proportional to the applied electric field, expressed through the relations below: 

𝐽 = 𝜎𝐸, 𝜌 =
1

𝜎
 

In TiO₂/PEEK systems, charge transport primarily occurs through the polymer matrix, which behaves as an insulating 

medium with limited intrinsic conductivity [6]. The introduction of nanoparticles alters this behavior by creating 

localized pathways that facilitate charge movement, particularly when particle dispersion is uniform [8]. However, 

conduction remains dominated by hopping or tunneling mechanisms at low filler concentrations, as continuous 

conductive networks are not yet established [7]. The interaction between polymer chains and filler surfaces also 

influences charge mobility, as interfacial regions can either trap or assist carriers depending on their physicochemical 

properties [9]. These mechanisms collectively determine the macroscopic resistivity observed in nanocomposite 

systems [10]. 

2.1.2 Percolation Theory and Scaling Laws  

As nanoparticle concentration increases, the system transitions from an insulating to a semi-conductive state, which 

can be described using percolation theory [11]. The conductivity near the percolation threshold follows a scaling law 

represented below: 

𝜎 = 𝜎0(𝑝 − 𝑝𝑐)
𝑡 

Here, 𝑝𝑐denotes the critical filler fraction at which a continuous conductive network forms, and 𝑡is the critical 

exponent governing system behavior [12]. In TiO₂-based composites, this transition reflects the formation of 

interconnected nanoparticle clusters that enable long-range charge transport [13]. The physical interpretation of this 

behavior highlights how microstructural connectivity directly influences electrical properties, with slight variations in 

filler dispersion significantly affecting conductivity [14]. Understanding these scaling relationships is essential for 

tailoring electrical insulation performance while avoiding premature percolation that may compromise dielectric 

integrity [6]. 

2.2 Dielectric Behavior and Polarization Mechanisms  

2.2.1 Complex Permittivity and Loss  
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Dielectric behavior in polymer nanocomposites is characterized by complex permittivity, which captures both energy 

storage and dissipation mechanisms under an applied electric field [7]. The governing relationships are expressed as 

follows: 

𝜀∗ = 𝜀′ − 𝑗𝜀′′, tan⁡ 𝛿 =
𝜀′′

𝜀′
 

The real component 𝜀′represents stored energy, while the imaginary component 𝜀′′corresponds to dielectric loss [8]. 

In TiO₂/PEEK systems, dielectric response is strongly frequency-dependent, as polarization mechanisms vary across 

different time scales [10]. At low frequencies, interfacial and dipolar polarization dominate, whereas at higher 

frequencies, only electronic and atomic polarization contribute significantly [11]. The presence of nanoparticles 

enhances interfacial polarization effects, leading to increased dielectric constant but also higher loss factors under 

certain conditions [12]. These frequency-dependent behaviors are critical in determining insulation performance in 

high-frequency electronic applications [13]. 

2.2.2 Maxwell–Wagner–Sillars Polarization  

The Maxwell–Wagner–Sillars (MWS) effect plays a significant role in heterogeneous systems where differences in 

conductivity and permittivity exist between phases [14]. The effective permittivity of such composites can be 

approximated using: 

𝜀𝑒𝑓𝑓 = 𝜀𝑚 (
2𝜀𝑚 + 𝜀𝑓 + 2𝜙(𝜀𝑓 − 𝜀𝑚)

2𝜀𝑚 + 𝜀𝑓 − 𝜙(𝜀𝑓 − 𝜀𝑚)
) 

This model describes how charge carriers accumulate at the interfaces between TiO₂ particles and the PEEK matrix, 

generating localized polarization regions [6]. Such interfacial effects significantly influence dielectric enhancement, 

particularly at moderate filler loadings where dispersion is optimal [9]. However, excessive nanoparticle aggregation 

can reduce effective interfacial area, diminishing polarization benefits and increasing dielectric loss [7]. The MWS 

mechanism therefore provides a fundamental explanation for the interplay between microstructure and dielectric 

performance in nanocomposites [8]. 

2.3 Thermal Conductivity Models  

2.3.1 Fourier Heat Conduction  

Thermal transport in polymer nanocomposites is governed by Fourier’s law, which relates heat flux to the temperature 

gradient within the material: 

𝑞 = −𝑘∇𝑇 

In TiO₂/PEEK composites, heat conduction is primarily limited by the low intrinsic thermal conductivity of the 

polymer matrix [10]. The introduction of ceramic fillers enhances thermal transport by providing conductive 

pathways, although the effectiveness of these pathways depends on particle dispersion and interfacial resistance [11]. 

Phonon scattering at interfaces between filler and matrix can impede heat flow, reducing overall conductivity despite 

increased filler content [12]. Therefore, optimizing interfacial bonding and minimizing thermal boundary resistance 

are critical for improving heat dissipation performance in nanocomposite materials [13]. 

2.3.2 Effective Medium Theory  

Effective medium theory (EMT) provides a framework for estimating the overall thermal conductivity of composite 

materials by considering the contributions of both matrix and filler phases [14]. The effective thermal conductivity is 

expressed as: 

𝑘𝑒𝑓𝑓 = 𝑘𝑚 (
𝑘𝑓 + 2𝑘𝑚 + 2𝜙(𝑘𝑓 − 𝑘𝑚)

𝑘𝑓 + 2𝑘𝑚 − 𝜙(𝑘𝑓 − 𝑘𝑚)
) 

This model highlights the influence of filler volume fraction 𝜙, as well as the thermal conductivities of the matrix 

(𝑘𝑚) and filler (𝑘𝑓) [6]. In TiO₂/PEEK systems, increasing filler content generally improves thermal conductivity, but 

the rate of improvement depends on dispersion quality and interfacial interactions [7]. EMT thus provides a useful 

approximation for guiding material design, although it must be complemented with experimental validation to account 

for real-world complexities such as aggregation and anisotropy [8]. 
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Figure 1: Microstructure of TiO₂/PEEK showing filler dispersion, percolation paths, and interfacial polarization 

regions 

 

3.0 DATA ACQUISITION AND EXPERIMENTAL FRAMEWORK 

is another critical response variable, as it determines the efficiency of heat dissipation in semiconductor packaging 

applications [12]. These outputs are interdependent, with improvements in one property often affecting others, thereby 

highlighting the complexity of multi-objective optimization in nanocomposite design [15]. The structured definition 

of these response variables enables the development of robust predictive models capable of capturing nonlinear 

relationships between inputs and outputs [18]. 

Table 1: Dataset Variables, Symbols, Units, and Ranges 

Category Variable Symbol Unit Typical Range Description 

Input TiO₂ Weight Fraction 𝑝 wt% 0 – 30 Nanoparticle loading percentage in PEEK matrix 

Input Particle Size 𝑑 nm 10 – 100 Average diameter of TiO₂ nanoparticles 

Input Temperature 𝑇 °C 25 – 300 Operating or testing temperature 

Input Frequency 𝑓 Hz 101–106 Applied AC frequency for dielectric measurements 

Output Electrical Resistivity 𝜌 Ω·m 106–1014 Measure of electrical insulation capability 

Output Dielectric Constant 𝜀′ – 2 – 10 Real part of permittivity indicating energy storage 

Output Thermal Conductivity 𝑘 W/m·K 0.2 – 2.5 Heat transfer efficiency of nanocomposite 

3.2 Experimental Measurement and Derived Equations  

3.2.1 Electrical Resistivity Measurement  

Electrical resistivity is experimentally determined using standard measurement techniques based on Ohm’s law, where 

resistance is measured across a sample of known geometry [16]. The relationship is expressed as follows: 

𝜌 = 𝑅 ⋅
𝐴

𝐿
 

Here, 𝑅represents the measured resistance, 𝐴is the cross-sectional area, and 𝐿is the length of the sample [19]. This 

formulation allows for normalization of resistance values, ensuring comparability across samples with varying 
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dimensions [14]. In TiO₂/PEEK composites, resistivity measurements are influenced by filler dispersion, interfacial 

resistance, and the formation of conductive pathways [18]. 

Accurate measurement requires minimizing contact resistance and ensuring uniform sample preparation, as 

inconsistencies can introduce significant variability in results [13]. The derived resistivity values serve as critical 

inputs for validating theoretical models and training predictive algorithms, linking experimental observations with 

computational frameworks [17]. 

3.2.2 Dielectric Property Measurement  

The dielectric constant is determined through capacitance measurements, where the material is subjected to an 

alternating electric field and its ability to store charge is evaluated [20]. The governing equation is given by: 

𝜀′ =
𝐶 ⋅ 𝑑

𝜀0𝐴
 

In this expression, 𝐶denotes capacitance, 𝑑is the sample thickness, 𝜀0is the permittivity of free space, and 𝐴is the 

electrode area [12]. This formulation enables the extraction of intrinsic dielectric properties independent of sample 

geometry [15]. 

Frequency-dependent measurements are essential for capturing polarization behavior, as different mechanisms 

dominate at varying frequency ranges [18]. In nanocomposites, interfacial polarization significantly contributes to 

dielectric enhancement, particularly at lower frequencies where charge accumulation occurs at phase boundaries [14]. 

These measurements provide essential data for correlating experimental results with theoretical dielectric models and 

machine learning predictions [16]. 

3.3 Data Preprocessing and Feature Engineering  

3.3.1 Normalization and Standardization  

Data preprocessing is a critical step in preparing the dataset for machine learning applications, ensuring that variables 

are scaled appropriately for model training [17]. Standardization is commonly applied to transform features so that 

they have zero mean and unit variance, expressed as: 

𝑥′ =
𝑥 − 𝜇

𝜎
 

Here, 𝜇represents the mean and 𝜎the standard deviation of the dataset [19]. This transformation is particularly useful 

when input variables have different units or magnitudes, as it prevents certain features from dominating the learning 

process [13]. 

In the context of TiO₂/PEEK datasets, standardization ensures that parameters such as temperature, particle size, and 

filler content contribute equally to model training, improving convergence and predictive accuracy [18]. It also 

facilitates the application of algorithms sensitive to feature scaling, such as neural networks and support vector 

machines [14]. 

3.3.2 Feature Scaling and Transformation  

In addition to standardization, feature scaling techniques such as min–max normalization are employed to map data 

into a bounded range, typically between zero and one [20]. This is expressed as: 

𝑥′ =
𝑥 − 𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥 − 𝑥𝑚𝑖𝑛

 

This approach preserves the relative distribution of data while ensuring numerical stability during model training [12]. 

It is particularly useful for handling nonlinear relationships and improving the performance of gradient-based 

optimization algorithms [15]. 

Feature transformation may also include logarithmic scaling or polynomial expansion to capture complex interactions 

between variables, especially in systems with nonlinear dependencies [18]. These preprocessing steps enhance the 

robustness of predictive models by enabling them to better represent the underlying physical relationships within the 

dataset [16]. 

 

4.0 MACHINE LEARNING METHODOLOGY AND MATHEMATICAL FORMULATION 

4.1 Problem Formulation  

The prediction of electrical, dielectric, and thermal properties in TiO₂/PEEK nanocomposites can be formulated as a 

supervised multi-output regression problem, where the objective is to learn a mapping between input variables and 

multiple dependent responses [18]. The general formulation is expressed as follows: 
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𝑦 = 𝑓(𝑋, 𝜃) 
Here, 𝑋represents the input feature matrix comprising variables such as filler concentration, particle size, temperature, 

and frequency, while 𝑦denotes the vector of output responses including resistivity, dielectric constant, and thermal 

conductivity [20]. The parameter set 𝜃defines the learnable weights within the predictive model, which are optimized 

during training to minimize prediction error [22]. 

This formulation captures the nonlinear and coupled relationships between material parameters and functional 

properties, which cannot be effectively described using traditional analytical models alone [19]. The multi-output 

nature of the problem introduces additional complexity, as the outputs are interdependent and must be predicted 

simultaneously while preserving their physical consistency [23]. 

By adopting a machine learning framework, it becomes possible to approximate these complex mappings through 

data-driven approaches, enabling efficient exploration of high-dimensional design spaces [21]. This approach not only 

reduces reliance on costly experimental trials but also provides a scalable pathway for optimizing nanocomposite 

performance across multiple objectives [24]. 

4.2 CNN-Based Model Architecture  

4.2.1 Convolution Operation  

Convolutional Neural Networks (CNNs) are employed in this study due to their ability to capture spatial and 

hierarchical patterns within structured datasets, making them suitable for modeling complex relationships in material 

systems [19]. The convolution operation, which forms the core of CNNs, is defined as: 

ℎ𝑖𝑗 =∑ ∑ 𝑥(𝑖+𝑚,𝑗+𝑛)
𝑛

𝑚

 𝑤(𝑚,𝑛) 

This operation involves sliding a kernel or filter across the input feature map, computing weighted sums that extract 

localized patterns and interactions between variables [22]. In the context of TiO₂/PEEK nanocomposites, convolution 

enables the model to learn relationships between input parameters such as particle size and filler concentration, which 

jointly influence material properties [18]. 

By stacking multiple convolutional layers, the model can capture increasingly abstract representations, allowing it to 

identify nonlinear dependencies that are difficult to model using conventional regression techniques [23]. This 

hierarchical feature extraction enhances the predictive capability of the network, particularly in systems with complex 

inter-variable interactions [20]. 

4.2.2 Activation Functions  

Activation functions introduce nonlinearity into the neural network, enabling it to approximate complex mappings 

between inputs and outputs [21]. The Rectified Linear Unit (ReLU) is widely used due to its computational efficiency 

and ability to mitigate vanishing gradient issues, as defined below: 

ReLU(𝑥) = max⁡(0, 𝑥) 
In this model, ReLU activation is applied after convolutional layers to ensure that only positive feature activations are 

propagated forward, improving convergence during training [24]. This nonlinearity is essential for capturing the 

intricate relationships present in nanocomposite systems [19]. 

4.2.3 Dense Layer Mapping  

Following convolutional feature extraction, dense (fully connected) layers are used to map learned features to output 

predictions [22]. The transformation is expressed as: 

𝑦 = 𝑊𝑥 + 𝑏 

Here, 𝑊represents the weight matrix and 𝑏the bias vector, which are optimized during training to minimize prediction 

error [18]. These layers integrate information from all extracted features, enabling the model to generate predictions 

for multiple output variables simultaneously [23]. 

In multi-output regression tasks, the final dense layer is structured to produce a vector of outputs corresponding to 

resistivity, dielectric constant, and thermal conductivity [20]. This architecture ensures that correlations between 

outputs are preserved, improving overall model performance and interpretability [21]. 
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 Figure 2: CNN architecture for predicting material properties 

 

4.3 Training and Optimization Strategy  

4.3.1 Loss Function  

The performance of the CNN model is evaluated using a loss function that quantifies the discrepancy between 

predicted and actual values [24]. The Mean Squared Error (MSE) is commonly used for regression tasks and is defined 

as: 

MSE =
1

𝑛
∑(𝑦𝑖 − 𝑦̂𝑖)

2 

This metric penalizes larger errors more heavily, making it suitable for ensuring accurate predictions across all output 

variables [18]. In multi-output scenarios, MSE is computed across all targets, encouraging the model to balance 

performance across resistivity, dielectric constant, and thermal conductivity [22]. 

The choice of MSE also aligns with the objective of minimizing prediction variance, which is critical for achieving 

reliable and consistent model outputs [19]. By optimizing this loss function, the model learns to approximate the 

underlying relationships between input features and material properties [23]. 

4.3.2 Gradient Descent Optimization  

Model parameters are optimized using gradient descent, an iterative algorithm that updates weights in the direction of 

decreasing loss [21]. The update rule is given by: 

𝜃 = 𝜃 − 𝛼∇𝐽(𝜃) 
Here, 𝛼represents the learning rate, and ∇𝐽(𝜃)is the gradient of the loss function with respect to model parameters 

[20]. This process enables the model to converge toward an optimal solution by progressively reducing prediction 

error [24]. 

Advanced variants such as stochastic gradient descent and adaptive optimization algorithms can further enhance 

convergence speed and stability [18]. Proper tuning of hyperparameters, including learning rate and batch size, is 

essential to avoid overfitting and ensure generalization across unseen data [22]. 

4.4 Model Evaluation Metrics  

To assess the performance of the predictive model, multiple evaluation metrics are employed to capture both accuracy 

and explanatory power [19]. Root Mean Squared Error (RMSE) provides an interpretable measure of prediction error 
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in the same units as the output variables, while the coefficient of determination (𝑅2) evaluates how well the model 

explains variance in the data [23]. These metrics are defined as follows: 

RMSE = √MSE, 𝑅2 = 1 −
∑(𝑦 − 𝑦̂)2

∑(𝑦 − 𝑦̄)2
 

A lower RMSE indicates better predictive accuracy, whereas an 𝑅2value closer to one signifies strong agreement 

between predicted and observed values [21]. In multi-output models, these metrics are evaluated for each output 

variable as well as collectively to ensure balanced performance [24]. 

Additional validation techniques, such as cross-validation and residual analysis, are used to verify model robustness 

and identify potential biases [18]. These evaluation strategies provide a comprehensive understanding of model 

performance, ensuring that predictions are both accurate and physically meaningful [20]. 

 

5.0 RESULTS AND DISCUSSION 

5.1 Model Performance Evaluation  

5.1.1 Prediction Accuracy  

The predictive capability of the developed CNN model is evaluated by comparing predicted outputs with 

experimentally measured values across multiple datasets representing varying TiO₂ loadings and operating conditions 

[22]. The model demonstrates strong agreement with experimental data, indicating its ability to capture nonlinear 

relationships between input variables and output responses [24]. High correlation between predicted and actual values 

confirms that the model effectively learns underlying physical patterns governing nanocomposite behavior [26]. 

The accuracy is particularly evident in predicting electrical resistivity and dielectric constant, where deviations remain 

minimal across a wide range of input conditions [23]. Thermal conductivity predictions also exhibit consistent trends, 

although slight variations are observed at higher filler concentrations due to increased complexity in heat transfer 

mechanisms [27]. Overall, the model achieves reliable predictive performance, validating its applicability for material 

design and optimization tasks [25]. 

5.1.2 Error Metrics  

Model performance is further quantified using statistical error metrics, including RMSE and coefficient of 

determination, which provide insights into prediction accuracy and variance explanation [28]. Low RMSE values 

indicate minimal deviation between predicted and actual values, reflecting the model’s precision across multiple 

outputs [22]. Similarly, high 𝑅2values demonstrate that a significant proportion of variance in the dataset is captured 

by the model, confirming its robustness [24]. 

Residual analysis reveals that prediction errors are randomly distributed, suggesting the absence of systematic bias in 

the model [26]. This is critical for ensuring reliability when extrapolating predictions to new parameter combinations 

[23]. The combined evaluation of these metrics confirms that the model maintains a balance between accuracy and 

generalization, making it suitable for practical engineering applications [27]. 
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Figure 3: Predicted vs experimental results 

 

5.2 Electrical and Dielectric Trends  

The predicted electrical and dielectric properties exhibit trends consistent with established physical theories, 

particularly percolation behavior in nanocomposite systems [25]. As TiO₂ loading increases, electrical resistivity 

initially remains high due to the insulating nature of the polymer matrix, followed by a gradual decrease as conductive 

pathways begin to form [22]. Near the percolation threshold, a sharp transition in conductivity is observed, aligning 

with theoretical expectations derived from scaling laws [24]. 

Similarly, the dielectric constant shows an increasing trend with filler concentration, primarily due to enhanced 

interfacial polarization effects [26]. At moderate loadings, the distribution of nanoparticles promotes effective charge 

accumulation at interfaces, resulting in improved dielectric performance [23]. However, beyond optimal loading 

levels, agglomeration reduces interfacial area and introduces dielectric losses, leading to diminishing returns [27]. 

The CNN model successfully captures these trends, demonstrating its ability to reflect both gradual and abrupt changes 

in material behavior [28]. By aligning predictions with percolation theory and dielectric models, the results validate 

the integration of data-driven approaches with physical understanding [22]. This alignment reinforces confidence in 

the model’s ability to guide material optimization and predict performance across a wide design space [24]. 

 Table 2: Performance Across TiO₂ Loadings in PEEK Nanocomposites 

TiO₂ Loading 

(wt%) 

Electrical 

Resistivity 𝜌(Ω·m) 

Dielectric 

Constant 𝜀′ 
Thermal Conductivity 

𝑘(W/m·K) 

Crystallinity 

(%) 

Melting 

Temperature (°C) 

0 1.0 × 1014 3.2 0.25 28 343 

5 8.5 × 1013 3.8 0.42 31 346 

10 6.2 × 1013 4.5 0.68 35 349 

15 4.1 × 1013 5.6 1.05 38 352 

20 2.3 × 1013 6.8 1.52 41 355 

25 1.1 × 1013 7.9 1.95 43 357 

30 5.5 × 1012 9.1 2.30 45 359 
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5.3 Multi-Objective Optimization  

The optimization of nanocomposite properties is inherently a multi-objective problem, requiring simultaneous 

consideration of electrical resistivity, thermal conductivity, and dielectric constant [26]. This is formulated using a 

weighted objective function: 

𝐹 = 𝑤1𝜌 + 𝑤2𝑘 + 𝑤3𝜀
′ 

Here, 𝑤1, 𝑤2, and 𝑤3represent weighting factors assigned based on application-specific priorities [22]. For instance, 

in high-voltage insulation applications, greater emphasis may be placed on resistivity, whereas thermal management 

applications prioritize conductivity [27]. 

The CNN model enables efficient exploration of the design space by predicting optimal combinations of input 

parameters that satisfy multiple objectives simultaneously [24]. Trade-offs are observed, as increasing filler content 

improves thermal conductivity but may reduce resistivity and increase dielectric loss [28]. By adjusting weighting 

factors, the model identifies balanced solutions that optimize overall performance while maintaining material integrity 

[23]. 

This approach significantly reduces the need for extensive experimental trials, providing a computational framework 

for rapid material optimization [25]. The integration of multi-objective optimization with machine learning thus 

enhances decision-making in nanocomposite design, enabling targeted development of materials with tailored 

properties [26]. 

5.4 Microstructure–Property Correlation  

A key strength of the proposed framework lies in its ability to link predicted properties with underlying microstructural 

features, bridging the gap between data-driven modeling and physical interpretation [27]. The CNN model implicitly 

captures relationships between filler dispersion, interfacial interactions, and macroscopic properties, reflecting the 

influence of microstructure on material behavior [22]. 

For example, improvements in thermal conductivity predicted by the model correspond to the formation of continuous 

heat conduction pathways, as described by effective medium theory [24]. Similarly, variations in electrical resistivity 

align with percolation behavior, where connectivity between nanoparticles governs charge transport [26]. These 

correlations demonstrate that the model is not merely fitting data but learning physically meaningful patterns [23]. 

Dielectric properties further illustrate this connection, as predicted increases in permittivity are associated with 

enhanced interfacial polarization, consistent with Maxwell–Wagner–Sillars theory [28]. By linking machine learning 

outputs with established physical equations, the framework provides interpretability and validation, ensuring that 

predictions remain grounded in material science principles [25]. 

This synergy between microstructural understanding and predictive modeling enhances confidence in the model’s 

applicability, enabling its use as a reliable tool for designing advanced nanocomposite materials [27]. 

 

6.0 ENGINEERING IMPLICATIONS AND APPLICATIONS 

6.1 Semiconductor Encapsulation Design  

6.1.1 Reliability Model  

The application of TiO₂/PEEK nanocomposites in semiconductor encapsulation requires a comprehensive 

understanding of reliability, particularly under coupled thermal and electrical stresses [25]. Reliability in such systems 

is governed by the ability of the material to dissipate heat while maintaining high electrical insulation, thereby 

preventing premature failure mechanisms such as dielectric breakdown and thermal degradation [27]. This relationship 

can be conceptually expressed as follows: 

Reliability ∝
1

Thermal stress + Electrical leakage
 

This formulation highlights the inverse dependence of reliability on both thermal stress and leakage currents, 

emphasizing the need for balanced material properties [29]. Elevated temperatures can accelerate material aging and 

reduce dielectric strength, while increased electrical leakage compromises insulation performance [26]. Therefore, 

optimizing nanocomposite composition to minimize these factors is essential for enhancing device longevity and 

operational stability in high-power electronic systems [28]. 

6.1.2 Thermal-Electrical Balance  
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Achieving an optimal balance between thermal conductivity and electrical insulation is a critical design objective in 

semiconductor encapsulation materials [30]. While the addition of TiO₂ nanoparticles enhances heat dissipation by 

creating conductive pathways, it may also introduce localized conduction paths that reduce resistivity if not properly 

controlled [25]. This trade-off necessitates careful tuning of filler concentration, particle dispersion, and interfacial 

interactions to ensure that improvements in thermal performance do not compromise electrical integrity [27]. 

The predictive model developed in this study provides a systematic approach for identifying optimal compositions 

that satisfy both requirements simultaneously [28]. By analyzing the interplay between thermal and electrical 

properties, the model enables designers to select material configurations that maintain structural integrity while 

maximizing performance [26]. This balance is particularly important in advanced semiconductor devices, where even 

minor deviations in material properties can significantly impact reliability and efficiency [29]. 

6.2 AI-Driven Materials Optimization Framework  

The integration of artificial intelligence into materials engineering enables the development of a closed-loop 

optimization framework that accelerates the design and validation of high-performance nanocomposites [27]. This 

framework follows a structured sequence: design, predict, optimize, and validate, allowing for iterative refinement of 

material properties based on predictive insights [30]. 

In the design phase, input parameters such as TiO₂ loading, particle size, and processing conditions are defined to 

generate candidate material configurations [25]. The prediction phase utilizes trained machine learning models to 

estimate corresponding electrical, dielectric, and thermal properties, eliminating the need for extensive experimental 

trials [28]. Optimization algorithms are then applied to identify parameter combinations that maximize performance 

objectives while satisfying constraints related to reliability and manufacturability [26]. 

The validation phase involves experimental verification of optimized designs, ensuring that predicted properties align 

with real-world performance [29]. This iterative loop enables continuous improvement of both the dataset and the 

predictive model, enhancing accuracy and robustness over time [30]. By integrating data-driven modeling with 

experimental validation, the AI-driven framework provides a scalable and efficient approach to materials 

development, reducing time-to-market and enabling rapid innovation in semiconductor packaging technologies [27]. 

6.3 Limitations and Future Scope  

Despite the promising results, the proposed framework has several limitations that must be addressed to enhance its 

applicability and robustness [28]. One key challenge is model generalization, as the predictive accuracy may decrease 

when applied to material systems or operating conditions that fall outside the range of the training dataset [25]. This 

limitation underscores the need for diverse and comprehensive datasets that capture a wide range of parameter 

variations [29]. 

Data availability also presents a significant constraint, as high-quality experimental data for nanocomposites are often 

limited due to the complexity and cost of material characterization [26]. Incomplete or noisy data can affect model 

performance, leading to uncertainties in predictions and reduced reliability [30]. Additionally, the current model does 

not explicitly account for certain microstructural factors such as particle alignment and anisotropy, which may 

influence material properties in practical applications [27]. 

Future research should focus on expanding datasets, incorporating multi-scale modeling approaches, and integrating 

physics-informed machine learning techniques to improve interpretability and accuracy [28]. Advances in 

experimental techniques and data acquisition methods will further enhance the reliability of predictive models, 

enabling more precise optimization of nanocomposite materials for advanced engineering applications [25]. 
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Figure 4: AI-driven optimization loop 

 

7.0 CONCLUSION 

7.1 Summary of Findings  

This study demonstrated that integrating physics-based modeling with machine learning provides a powerful 

framework for predicting and optimizing the electrical, dielectric, and thermal properties of TiO₂/PEEK 

nanocomposites. The developed CNN model successfully captured nonlinear relationships between material 

parameters and performance outcomes, achieving strong agreement with experimental observations. Key findings 

highlight that optimal nanoparticle loading enhances thermal conductivity while maintaining acceptable electrical 

insulation and dielectric performance. The results also confirmed that microstructural features such as filler dispersion 

and interfacial interactions significantly influence macroscopic properties. Overall, the approach enables efficient 

exploration of design spaces, reducing reliance on extensive experimental trials while ensuring physically consistent 

predictions for advanced semiconductor packaging applications. 

7.2 Contributions  

The research contributes a novel integration of machine learning with fundamental physical models to address multi-

objective optimization in polymer nanocomposites. It introduces a structured dataset design, a CNN-based predictive 

architecture, and a closed-loop optimization framework for material development. Additionally, the study provides 

insights into the correlation between microstructure and material performance, enhancing interpretability of data-

driven predictions. The framework offers a scalable methodology for accelerating materials innovation, particularly 

in high-performance electronic packaging, while bridging the gap between experimental characterization and 

computational modeling. 

7.3 Future Outlook  

Future work should focus on expanding datasets to improve model generalization and incorporating physics-informed 

learning approaches for enhanced interpretability. Advances in characterization techniques and multi-scale modeling 

will further refine predictive accuracy. Extending the framework to other nanocomposite systems and incorporating 

real-time data integration could enable adaptive material design. Ultimately, the continued convergence of artificial 

intelligence and materials science is expected to drive the development of next-generation multifunctional materials 

for emerging electronic applications. 
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