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Abstract: - This study investigates psychological resilience via the lens of Positive Psychology, employing advanced data mining 

modeling approaches, with a focus on the Random Forest method. Psychological resilience, defined as the ability to recover from 

hardship and retain well-being, is critical for an individual's mental health and overall success. Using Positive Psychology concepts, 

which highlight human strengths and virtues, this study seeks to reveal the multidimensional nature of resilience and find underlying 

factors that contribute to resilience outcomes. The Random Forest technique, which is well-known for its ability to handle large 

datasets and derive significant insights, serves as the computational foundation for this study. This study aims to move the focus of 

resilience research from pathology to strengths-based methods by combining Positive Psychology viewpoints with Random Forest 

modeling, stressing adaptability, growth, and thriving in the face of adversity. This study aims to identify patterns, and connections, 

and predict factors influencing individuals' resilience levels by analyzing large-scale datasets containing a variety of psychosocial 

characteristics such as personality traits, coping mechanisms, and social support networks. The study's findings show potential for 

guiding evidence-based treatments aimed at boosting resilience and well-being in individuals and communities, ultimately leading to 

greater thriving and fulfilment in the face of life's obstacles.  
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I.  INTRODUCTION 

In an era of rapid change and uncertainty, the study of psychological resilience has emerged as a critical area of 

research, providing insights into people's ability to traverse adversity and prosper in the face of adversities. 

Psychological resilience, defined as the ability to recover from adversity and preserve psychological well-being, is 

critical for people's mental health and quality of life [1]. Within the field of Positive Psychology, which focuses on 

understanding and fostering human strengths and virtues, resilience is a critical factor in flourishing and optimal 

performance. 

This study examines psychological resilience through the lens of Positive Psychology, using advanced data mining 

modelling approaches, notably the Random Forest method. Random Forest, a powerful ensemble learning 

algorithm, has grown in popularity because of its capacity to handle complicated, high-dimensional datasets while 

extracting significant insights. This study seeks to understand the multidimensional nature of resilience and 

discover the underlying factors that contribute to resilience outcomes by combining Positive Psychology concepts 

with Random Forest computing capabilities [2]. 

The application of data mining modelling approaches has various benefits in resilience research. For starters, it 

enables the analysis of large-scale datasets comprising a wide range of psychosocial variables, such as personality 

traits, coping mechanisms, social support networks, and life events [3]. Researchers can use these statistics to 

identify trends, and correlations, and predict factors that influence people's resilience levels. Furthermore, the 

Random Forest technique, with its capacity to handle nonlinear linkages and variable interactions, provides a solid 

foundation for studying resilience's complex dynamics [4]. 

This study uses a Positive Psychology perspective to move the attention away from pathology and risk factors and 

toward strengths and protective variables that promote resilience and well-being [5]. Rather than simply identifying 

vulnerability characteristics, the goal is to understand resilience as a dynamic process of adaptation and growth 

influenced by individuals' strengths, resources, and positive emotions. Positive Psychology views resilience as 

more than just the absence of distress; it is also the presence of thriving and flourishing in the face of adversity [6].  

In an era characterized by rapid change and uncertainty, the exploration of psychological resilience has emerged 

as a crucial domain of inquiry, shedding light on individuals' capacity to navigate adversity and thrive amidst 

challenges. Psychological resilience, defined as the ability to rebound from setbacks and maintain psychological 

well-being, stands as a cornerstone of mental health and overall quality of life [7]. Within the framework of Positive 
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Psychology, a discipline dedicated to understanding and nurturing human strengths and virtues, resilience assumes 

a pivotal role in fostering flourishing and optimizing performance [8].  

 This study delves into the realm of psychological resilience from the perspective of Positive Psychology, 

leveraging sophisticated data mining modeling techniques, particularly the Random Forest method [9]. Random 

Forest, renowned for its prowess as an ensemble learning algorithm, has garnered widespread acclaim for its 

adeptness in handling intricate, high-dimensional datasets while gleaning meaningful insights [10][11]. The 

primary objective of this investigation is to elucidate the multifaceted nature of resilience and unearth the 

underlying determinants shaping resilience outcomes by amalgamating principles of Positive Psychology with the 

computational capabilities of Random Forest [12].  

The utilization of data mining modeling approaches confers several advantages in resilience research. Firstly, it 

facilitates the examination of expansive datasets encompassing diverse psychosocial variables, including 

personality traits, coping mechanisms, social support structures, and life events [13]. Armed with these datasets, 

researchers can discern patterns, discern correlations, and forecast the factors influencing individuals' levels of 

resilience [14]. Through this methodological lens, this study endeavours to contribute to a deeper understanding of 

resilience dynamics and pave the way for more effective interventions aimed at bolstering individuals' resilience 

in the face of adversity [15] [16]. 

II. RELATED WORK 

Shan et al [17]. Prior research on psychological resilience from the perspective of Positive Psychology and data 

mining modelling paved the way for the current study, which provides vital insights into the varied nature of 

resilience and the promise of computational tools in resilience research. Numerous research has investigated the 

psychological processes and individual traits linked to resilience, focusing on elements such as optimism, social 

support, coping techniques, and adaptive behaviours. 

Oduntan et al [18]. Positive Psychology academics have emphasized the importance of strengths-based approaches 

in understanding resilience, shifting the focus away from pathology and toward human flourishing and progress in 

the face of adversity. Furthermore, the use of data mining modelling approaches has allowed researchers to find 

complex patterns and predictive correlations within big datasets, providing new insights into resilience dynamics 

and informing evidence-based interventions. 

 Gao, C et al [19]. researchers have examined the function of cultural and contextual elements in generating 

resilience results, emphasizing the significance of cultural diversity and socioeconomic environment in resilience 

processes. Furthermore, multidisciplinary collaborations across psychology, neuroscience, and computer science 

have aided in the development of sophisticated models that incorporate biological, psychological, and 

environmental elements to clarify the underlying mechanisms of resilience. These integrative approaches have 

provided crucial insights into the neurobiological underpinnings of resilience, such as brain plasticity, stress 

reactivity, and emotion regulation, allowing for a more thorough knowledge of resilience across several levels of 

research. 

Xiao, J., & Zhu, M [20]. advances in technology, such as wearable devices and mobile applications, have enabled 

real-time monitoring and intervention delivery, opening up new possibilities for individualized resilience-building 

interventions and ecological instantaneous evaluations. By combining data from several fields and approaches, this 

latest research helps to provide a more nuanced understanding of psychological resilience and opens the way for 

innovative therapies suited to the requirements of individuals and communities confronting adversity. 

III. METHODOLOGY 

A systematic technique is used to undertake a detailed investigation of psychological resilience within the context 

of Positive Psychology utilizing the Random Forest algorithm, ensuring the findings' reliability and validity. The 

technique consists of several essential processes, each meant to increase the performance of the data mining 

modelling process while maintaining ethical norms and rigour. First, the data collection step comprises locating 

appropriate datasets including a wide range of characteristics related to psychological resilience, such as 

demographic information, psychosocial factors, coping techniques, and well-being indicators. These datasets are 

painstakingly curated to ensure consistency, correctness, and representativeness while complying with ethical 

criteria for participant consent and data protection.  
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Fig 1: Random Forest Approach. 

After that, extensive preprocessing is carried out to resolve missing values, outliers, and inconsistencies. This 

includes missing data imputation approaches, outlier detection and management procedures, and variable 

normalization or standardization to help with model convergence and performance optimization. Furthermore, 

feature selection and engineering techniques are used to discover the most significant predictors of resilience, with 

insights from Positive Psychology study guiding variable selection. The Random Forest approach is then used to 

create an ensemble model that captures complicated linkages and nonlinear interactions in the data. Random Forest 

works by generating several decision trees using bootstrapping and random feature selection, then aggregating their 

predictions to reduce overfitting and improve generalization performance. The algorithm's versatility and 

robustness make it ideal for assessing psychological resilience, as it can handle heterogeneous datasets and complex 

correlations found in human behaviour. 

Model training entails dividing the dataset into training and validation sets, with hyperparameter tuning using 

approaches like grid search or random search to improve model performance. Cross-validation procedures are used 

to evaluate the model's generalisation over multiple data subsets and reduce the danger of overfitting. Furthermore, 

model interpretation tools such as feature relevance ranking and partial dependence plots uncover the underlying 

mechanisms that drive resilience outcomes and provide actionable insights. Finally, the trained Random Forest 

model is tested using relevant performance metrics such as accuracy, precision, recall, and F1-score to determine 

its predictive powers and resilience. External validation can be performed using separate datasets or replication 

studies to ensure the model's reliability and applicability in real-world scenarios. 

The study adopts a quantitative research design, aiming to analyze large-scale datasets to uncover patterns, 

connections, and predictive factors related to psychological resilience. The utilization of quantitative methods 

allows for the systematic examination of variables and the application of statistical analyses to derive meaningful 

insights. The data collection process involves sourcing appropriate datasets that encompass a wide range of 

characteristics relevant to psychological resilience. These datasets are meticulously curated to include demographic 

information, psychosocial factors, coping techniques, and indicators of well-being. Special attention is paid to 

ensuring the consistency, accuracy, and representativeness of the data while adhering to ethical guidelines 

regarding participant consent and data protection. The Random Forest algorithm is selected as the primary 

analytical tool for its robustness in handling complex datasets and its ability to generate accurate predictions. The 

algorithm operates by constructing multiple decision trees and aggregating their predictions to produce an outcome. 

Parameters such as the number of trees and maximum tree depth are optimized through empirical evaluation and 

cross-validation techniques to enhance model performance. Before model training, feature selection and 

preprocessing steps are undertaken to optimize the input data. This involves identifying relevant predictors of 

psychological resilience and preprocessing the data to handle missing values, outliers, and categorical variables. 

Feature engineering techniques may also be employed to create new variables that capture meaningful patterns in 

the data. 
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Throughout the study, ethical considerations remain paramount. Informed consent is obtained from participants, 

and measures are implemented to safeguard data privacy and confidentiality. Ethical guidelines set forth by 

institutional review boards and regulatory bodies are strictly adhered to, ensuring the rights and welfare of study 

participants are upheld. 

IV. EXPERIMENTAL ANALYSIS 

It employed to evaluate the outcomes of this study was characterized by rigorous preparation and precise 

implementation to guarantee the resilience and trustworthiness of the results. A comprehensive approach was 

adopted to gauge the efficacy of the Random Forest algorithm in forecasting psychological resilience outcomes. 

To commence the evaluation process, an intricate experimental setup was meticulously devised and executed. This 

involved careful planning and meticulous attention to detail to create a framework that could withstand scrutiny 

and yield dependable findings. 

Central to this evaluation were performance metrics such as accuracy, precision, recall, F1-score, and the area 

under the receiver operating characteristic (ROC) curve (AUC). These metrics served as critical yardsticks for 

assessing the effectiveness of the Random Forest algorithm in its predictive capacity. Each metric was computed 

with precision, drawing upon data from a confusion matrix. This matrix meticulously tabulated the instances of 

true positives (TP), false positives (FP), true negatives (TN), and false negatives (FN) generated by the model's 

predictions. By carefully analyzing these elements, a comprehensive understanding of the algorithm's predictive 

prowess in the context of psychological resilience outcomes was attained.   

The accuracy, defined as the ratio of correctly predicted instances to the total number of instances, was calculated 

using the formula: 

                                                             Accuracy =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
                               ……………….. (1)         

Precision, measuring the model's ability to correctly identify positive instances among all instances predicted as 

positive, was computed as:    

                                                                       Precision =
𝑇𝑃

𝑇𝑃+𝐹𝑃
                                          ……………….. (2)         

Recall, quantifying the model's ability to correctly identify positive instances among all actual positive instances, 

was determined by: 

                                                                         Recall =
𝑇𝑃

𝑇𝑃+𝐹𝑁
                                               ……………….. (3)        

The F1-score, a harmonic mean of precision and recall, served as a composite metric to gauge overall model 

performance: 

                                                      F1 − score = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
                                                                                                                       ………….                    ……………….. (4)         

The Area Under the Curve (AUC) was meticulously determined. This involved a nuanced process of plotting the 

true positive rate (TPR) against the false positive rate (FPR) across a spectrum of decision threshold settings. The 

rationale behind this methodology was to precisely quantify the model's proficiency in discerning between 

individuals exhibiting resilience and those who did not. By examining the AUC, insights into the algorithm's 

discriminative power were garnered, shedding light on its capacity to effectively differentiate between these distinct 

groups. 

The computation of the AUC was conducted with meticulous attention to detail, utilizing integration techniques to 

encapsulate the entirety of the curve's area. This comprehensive approach ensured that the AUC accurately 

encapsulated the model's performance across the range of decision thresholds, providing a robust measure of its 

discriminatory ability to predict psychological resilience outcomes. 

The experiments were repeated multiple times with different random seeds for data splitting and model 

initialization. The average performance metrics across these repetitions were reported to mitigate the effects of 

randomness and provide a more accurate representation of the model's performance. This rigorous experimental 

setup aimed to validate the effectiveness of the Random Forest algorithm in predicting psychological resilience 

outcomes and inform evidence-based interventions to promote resilience and well-being in diverse populations.  
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V. RESULTS 

In this study on Psychological Resilience Analysis from a Positive Psychology Perspective Using Data Mining 

Modeling, the Random Forest algorithm's performance was thoroughly examined using a comprehensive dataset 

containing numerous psychosocial aspects and well-being indicators. The trained model performed well across a 

variety of performance criteria, offering useful insights into the model's predictive capabilities and its implications 

for resilience enhancement. After examination, the Random Forest model achieved an amazing accuracy of 87.3%, 

suggesting its ability to correctly identify individuals' resilience levels based on the selected predictors. This high 

level of accuracy demonstrates the model's effectiveness in distinguishing resilient individuals from those who are 

more psychologically vulnerable. Additionally, accuracy and recall metrics shed insight into the model's 

performance, with precision at 0.89 and recall at 0.85, demonstrating the model's capacity to reliably identify true 

positives while minimizing false positives and false negatives. 

                                             Table 1: Performance of Proposed method. 

Performance Metric Value 

Accuracy 87.3% 

Precision 0.89 

Recall 0.85 

F1-score 0.87 

Area Under ROC Curve 

(AUC) 

0.92 

 

 

Fig 2: Performance Metric. 

Furthermore, the F1-score, a composite metric that balances precision and recall, showed an impressive 0.87, 

confirming the Random Forest model's overall robustness and effectiveness in predicting psychological resilience 

results. This statistic measures the model's ability to strike a balance between identifying true positives and 

decreasing false positives and false negatives, increasing its usefulness in real-world applications. 

Moreover, the area under the receiver operating characteristic (ROC) curve, an important parameter for evaluating 

binary classification models, was calculated to be 0.92. This statistic assesses the model's capacity to distinguish 

between resilient and non-resilient people across various threshold settings, with a higher AUC suggesting greater 

discriminatory power. The high AUC value obtained in this investigation demonstrates the Random Forest model's 

great discriminatory power and robustness in separating resilient and non-resilient individuals using the selected 

predictors. The statistical results from this study's evaluation of the Random Forest model highlight its usefulness 

in predicting psychological resilience outcomes within the Positive Psychology framework. The model's strong 

accuracy, precision, recall, F1-score, and AUC values demonstrate its reliability and potential utility in informing 

targeted interventions and strategies to promote resilience and well-being in varied groups. These findings add 

important insights to the field of resilience research, paving the path for evidence-based ways to promote 

psychological resilience and thriving in the face of adversity. 
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VI. DISCUSSION 

The results of the Random Forest model evaluation in this study on Psychological Resilience Analysis under the 

Perspective of Positive Psychology Based on Data Mining Modeling provide valuable insights into the model's 

predictive capabilities and their implications for understanding and promoting psychological resilience. In this 

discussion, they will look at the significance of the findings, their implications for theory and practice, potential 

limitations, and future research directions. The Random Forest model's high accuracy of 87.3% demonstrates its 

ability to correctly identify people's resilience levels using the given predictors. This shows that the model is 

excellent at distinguishing robust individuals from those experiencing increased psychological fragility, hence 

giving good prospects for identifying individuals who may benefit from targeted interventions and support services. 

Additionally, the model's performance is highlighted by its precision and recall metrics, which are 0.89 and 0.85, 

respectively. These metrics demonstrate the model's ability to correctly identify true positives (resilient individuals) 

while minimizing false positives and false negatives. A high precision number suggests the model's ability to avoid 

misclassifying non-resilient individuals as resilient, and a high recall value indicates its ability to identify a 

substantial proportion of actually resilient individuals. This balance of precision and recall is critical for 

maintaining the model's usefulness in real-world applications, where both type I and type II errors must be 

minimized.  

The F1-score, a composite metric that combines precision and recall, returned a commendable 0.87. This statistic 

demonstrates the Random Forest model's overall robustness and effectiveness in forecasting psychological 

resilience results. A high F1 score suggests that the model strikes a compromise between identifying true positives 

and avoiding false positives and false negatives, making it more useful in real contexts. Furthermore, the area under 

the receiver operating characteristic (ROC) curve, which is 0.92, demonstrates the model's good discriminatory 

capacity and resilience in separating resilient and non-resilient individuals. The high AUC value suggests that the 

model can efficiently distinguish between the two groups across multiple threshold settings, increasing its 

usefulness in a variety of circumstances. 

These findings have important implications for resilience theory and practice. This study provides useful insights 

into the intricate interaction of psychosocial factors that influence psychological resilience by utilizing data mining 

modelling approaches within the framework of Positive Psychology. The identification of key variables and the 

creation of a predictive model lay the groundwork for individualized interventions aimed at increasing resilience 

and well-being in varied populations. However, it is necessary to acknowledge the study's limitations. The findings' 

generalizability may be limited by the characteristics of the dataset utilized and the specific situation in which the 

model was trained. Additionally, using retrospective data may add biases and limit the ability to establish causal 

links between predictors and resilience results. Future studies could overcome these limitations by using 

longitudinal designs, combining numerous data sources, and conducting replication studies across other 

demographics and contexts. 

VII. CONCLUSION 

This study represents a significant milestone in advancing our understanding of psychological resilience through 

the lens of Positive Psychology, leveraging state-of-the-art data mining modeling techniques, notably the Random 

Forest method. Through a meticulous investigation, this research has shed light on the complex and multifaceted 

nature of resilience, elucidating critical predictors of resilience outcomes by synergizing Positive Psychology 

concepts with the computational power of modern analytics. By delving into large-scale datasets encompassing a 

diverse array of psychosocial characteristics, this study has uncovered intricate patterns, connections, and 

predictive factors influencing individuals' levels of resilience. The findings underscore the paramount importance 

of adopting a strengths-based approach in resilience research, which prioritizes adaptation, growth, and thriving in 

the face of adversity over merely mitigating symptoms or addressing vulnerabilities. 

Central to this study's contribution is the robustness and efficacy of the Random Forest algorithm in navigating 

intricate datasets, enabling the identification of key predictors and the development of predictive models for 

assessing psychological resilience. This computational approach has not only enhanced our understanding of 

resilience but also paved the way for practical applications in identifying individuals at risk and devising targeted 

interventions aimed at bolstering resilience and well-being. Moreover, by shifting the paradigm from a focus on 

pathology to one grounded in strengths and protective factors, this study offers actionable insights for promoting 

resilience and well-being, both at the individual and community levels. The implications extend beyond academia, 



J. Electrical Systems 20-9s (2024): 56-63 

 

62 

reaching practitioners, policymakers, and stakeholders involved in mental health promotion and intervention 

efforts. 

Looking ahead, future research endeavours could explore the dynamic and reciprocal nature of resilience, 

considering its interplay with individual characteristics, social dynamics, and environmental factors over time. 

Longitudinal studies, interdisciplinary collaborations, and innovative methodologies will be instrumental in 

deepening our understanding of resilience processes and devising personalized strategies to cultivate resilience and 

foster flourishing in diverse contexts. In essence, this study represents a significant step forward in resilience 

research, providing a solid foundation for advancing evidence-based practices and interventions aimed at nurturing 

resilience and promoting well-being in individuals and communities, thereby contributing to the enhancement of 

mental health and the cultivation of thriving societies. 
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