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Abstract - This study provides a quantitative framework for wellbeing outcome prediction through intentional cognitive pattern
alteration. We demonstrated 81.67% accurate prediction of wellbeing states, in a three-level classification (Low, Medium, High),
using a Random Forest classifier with 16 features from psychological, physiological, and behavioural metrics. Our model singles
out the gratitude cultivation (21.3%) and peace duration (23.7%) as the strongest predictors of positive well-being outcomes, which
provides empirical support to traditional approaches of cognitive training with empirical evidence. Analysis of 1,000 synthetic
cases shows that consistent practice of positive thought patterns over 3-6 months can strongly shift wellbeing states, with key
behavioural markers showing progressive improvement which include increased joy moments, reduced anxiety episodes, and
enhanced sleep quality. Our results establish that cognitive training outcomes can be quantitatively tracked and predicted with
meaningful accuracy, hence providing a data-driven approach to mental health intervention design. Additionally, the research
shows machine learning for mental health analysis to present a scalable method for wellbeing prediction. Integrating multiple data
modalities, our model presents an integrative view of cognitive transformation that covers the gap between qualitative opinion and
quantitative prediction. The contribution of this research is in presenting the viability of applying artificial intelligence (Al) models
to facilitate enhanced mental health interventions through adaptive and personalized cognitive training programs. More generally,
our results add to the emerging science of neuroplasticity-based cognitive training by delivering an evidence-based method for
evaluating and predicting wellbeing improvement. The findings have implications that reach outside the research clinic, to clinical
interventions, self-help programs, and mobile phone health applications, to offer a new mechanism for improving mental resilience
and world life satisfaction through rigorous cognitive training.

Keywords - Cognitive Training, Wellbeing Prediction, Neuroplasticity, Mental Health Analytics, Behavioural Change

Received: 17 January 2025; Accepted: 11 April 2025; Published: 16 October 2025
This is an open access article under the CC BY-NC-ND 4.0 license.

® Journal of Informatics and Web Engineering
® https://doi.org/10.33093/jiwe.2025.4.3.4
© Universiti Telekom Sdn Bhd.

MULTIMEDIA UNIVERSITY Published by MMU Press. URL: https://journals.mmupress.com/jiwe


https://doi.org/10.33093/jiwe.2025.4.3.4
https://doi.org/10.33093/jiwe.2025.4.3.4
https://journals.mmupress.com/jiwe
https://journals.mmupress.com/jiwe
https://journals.mmupress.com/jiwe
https://creativecommons.org/licenses/by-nc-nd/4.0/

Journal of Informatics and Web Engineering Vol. 4 No. 3 (October 2025)

1. INTRODUCTION

1.1 Background and Motivation

The human brain’s amazing ability in neuroplasticity is its ability to change neural pathways throughout life that
provide the biological underpinning for intentional cognitive transformation [1]. Studies have shown that consistent
mental practices produce measurable structural and functional changes in neural networks, thus establishing the
scientific underpinning for targeted cognitive training methods of well-being enhancement [2]. This biological
knowledge of brain malleability opens possibilities for systematic approaches to mental state modification.

Traditional approaches to improving mental health and well-being have often relied on qualitative assessments and
subjective measures, which, although informative, are typically not precise enough to optimize interventions. The rise
of machine learning applied to mental health [3] has made it possible to quantify and hence predict psychological
outcomes of interventions with higher accuracy. Their application to the specific area of cognitive training is, however,
still largely unexplored-which represents one of the fundamental gaps in contemporary research [3].

Recent artificial intelligence advances in mental health interventions, as chronicled by [4] and [5], bring to the fore
the burgeoning ability to recognize patterns and predict outcomes within psychological realms. That technological
maturity, in combination with our deepening understanding of the mechanisms of neuroplasticity, presents a unique
opportunity to develop data-driven approaches to cognitive training that combine biological insights with
computational precision [6].

The fundamental question driving this research is - Can we develop a quantitative framework to predict and measure
the impact of intentional thought pattern modification on overall wellbeing? This overarching inquiry leads to several
specific research questions.

The research questions include:

A. Primary Research Questions:
e To what extent can machine learning models predict wellbeing outcomes through cognitive training practices?
e How can we determine and quantify the relative contribution of different factors to successful cognitive
training outcomes?
o  What are the interaction patterns between psychological, physiological, and behavioural metrics in
influencing wellbeing’s states?

B. Temporal Investigation Questions:
e  What are the characteristic patterns and trajectories of improvement in cognitive training over time?
o  What is the temporal relationship between practice initiation and observable changes in wellbeing metrics?
e  Which factors most significantly influence the rate and stability of progress in cognitive training?

C. Methodological Questions:
o  What quantitative frameworks can effectively track and measure progress in cognitive training?
e  Which combination of metrics provides the most reliable indicators of successful transformation?
e How can objective measurement systems be developed to validate subjective improvements in cognitive
training?

The current state of cognitive training research points to a large gap in the quantitative modelling capabilities. On the
other hand, while cognitive science has largely been successful in explaining brain plasticity, it lacks solid predictive
frameworks for the outcomes from cognitive training [7]. Current approaches hardly integrate multiple data modalities,
hence precluding an overall comprehension of how diverse factors interplay to affect the results. Furthermore, the lack
of standardized measurement approaches makes it rather difficult to compare and validate findings across studies,
which hampers the field’s progress.

Another major gap lies in the current research that is from theoretical understanding to practical implementation.
While the knowledge of cognitive training principles has grown, their application in practices remains very hard for
practitioners. The number of tools available for personalizing interventions remains very limited, which makes
tailoring training programs to the needs and circumstances of each individual difficult. Probably most notably, the
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field lacks evidence-based progression metrics that could guide practitioners and participants through the training
process, making optimization of interventions and tracking progress difficult.

A third critical gap lies in validation methodology. The field still faces the challenge of how to objectively verify the
subjective improvements seen in cognitive training and, therefore, the reliability and effectiveness of different
approaches remain in question. Our understanding of success factors remains limited, and it is difficult to say which
elements of a cognitive training program matter most for positive outcomes. These challenges are compounded by a
lack of standardized evaluation methods, making it difficult to adequately assess and compare the effectiveness of
different interventions across studies and contexts.

To address these gaps, we establish the following research objectives.

A. Develop a machine learning model to
e Predict wellbeing states based on multiple input features
o Identify key predictors of successful outcomes
e Quantify the relative importance of different factors

B. Create a framework for
e Tracking cognitive training progress
e Measuring improvement across multiple dimensions
e Validating intervention effectiveness

C.  Generate insights for
e Optimizing the training program
e Personalizing interventions
e Improving success rates

1.2 Research Significance

The significance of this research lies in its potential to transform cognitive training from an art into a more precise
science. Our work contributes to both theoretical understanding, methodical innovations, and practical application as
follows:

Cognitive training - This research makes substantial theoretical contributions to the field of cognitive training and
wellbeing enhancement. Through rigorous analysis, we provide quantitative validation of long-held cognitive training
principles, offering empirical support for traditionally qualitative approaches. Our findings reveal new insights into
the complex factors that influence wellbeing outcomes, particularly the relative importance of different psychological
and behavioural elements. Furthermore, our work enhances the understanding of improvement trajectories in cognitive
training, demonstrating how various factors interact over time. This integration of multiple theoretical frameworks
creates a more comprehensive understanding of cognitive transformation processes.

Methodical innovations - Our study introduces several methodological innovations that advance the field’s analytical
capabilities. By applying machine learning techniques to cognitive training in novel ways, we establish new paradigms
for understanding and predicting psychological change. The development of new measurement approaches provides
more precise tools for quantifying psychological transformations, while our integration of multiple data modalities
offers a more comprehensive view of cognitive development. Our predictive models represent a significant step
forward in understanding and forecasting cognitive training outcomes, offering new possibilities for research and
practice.

Practical applications - The practical applications of our findings extend directly to program implementation and
individual intervention design. Our research allows for the development of evidence-based programs that can be
tailored to specific needs and contexts, thus supporting the development of personalized intervention strategies based
on individual characteristics and progress patterns. The progress tracking tools we developed give concrete ways of
monitoring and assessing improvement, while our outcome prediction capabilities help set realistic expectations for
outcomes and optimize training approaches. These applied tools fill the gap between theoretical understanding and
practical application.
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Clinical implications - Our findings have important implications for improving the effectiveness of mental health
interventions delivered in clinical settings. Data-driven insights and predictive analytics can now inform treatment
planning, enabling more precise and targeted interventions based on individual characteristics and needs. Better
prediction of outcomes allows for better decision-making and expectation setting, while improved resource allocation
helps to optimize the use of clinical time and resources. These clinical implications would suggest that path toward
more efficient and effective mental health interventions, supported by quantitative evidence and predictive capabilities.

This study responds to a critical need in mental health intervention underlined by [8], who emphasized the increasing
importance of machine learning in the prediction of treatment outcomes in psychiatry. Our work extends this approach
specifically to cognitive training, opening new possibilities for evidence-based intervention design.

The rest of this paper is structured as follows. Section 2 gives a critical review of the literature in neuroplasticity,
cognitive training, and applications of machine learning to mental health. Section 3 details our methodology in data
preparation, feature selection, and wellbeing score calculation. Section 4 describes the implementation framework for
our model together with algorithmic details and pseudocode. Section 5 presents the results and analysis in terms of
prediction accuracy, feature importance, and longitudinal predictions. Section 6 discusses the implications of our
findings. Section 7 discusses limitations of our approach. Section 8 gives recommendations for future research and
practice. Lastly, Section 9 concludes with key contributions and future directions. Two appendices supplement the
main text: Appendix I provides detailed model implementation metrics, and Appendix II presents extensive
longitudinal prediction analyses for representative cases.

2. LITERATURE REVIEW

2.1 Machine Learning in Mental Health and Cognitive Analysis

Integration of machine learning in mental health represents a paradigm shift in how we understand, predict, and treat
psychological conditions. The last systematic reviews by [9] comprehensively analyse 54 studies implementing
machine learning (ML) systems in the interventions of mental health, emphasizing three critical developments: (i)
from retrospective analysis to real-time prediction, (ii) from generic to personalized interventions, and (iii) the
increasing demand for interpretable ML models for use in clinical settings. Their review outlines the movement from
the classic statistical modelling into advanced predictive modelling.

[10] break down this trend more comprehensively, explaining how applications of ML have grown from
straightforward classification tasks to advanced predictive models, whereby their overview of treatment outcome
prediction suggests an accuracy between 65% and 85% across a range of disorders in mental health. This rate
represents a tremendous gain in performance compared to ordinary clinical prediction practices. These models enable
improved predictions of the outcome and personalized treatment based on the profile and response of a given patient.

Based on such premises, [11], [12], [13] described applications of ML broadly in cognitive or behavioural analysis;
their article enumerates three classes of applications of ML-diagnosis support systems with 70-85% accurate rate, 65-
80% in predicting response prognosis during treatment and intervention in real-time adaptation with 15-30%
improvement in effectiveness. This comprehensive overview provides a framework to understand how ML can
systematically analyse and predict cognitive-behavioural patterns.

The recent developments in machine learning techniques have established new possibilities to model intricate human
behaviours such as mental health and cognitive functions [14]. Soft computing methods demonstrate strong potential
for complex decision-making domains because they effectively manage imprecise and uncertain data. Medical
prognosis has widely adopted fuzzy logic techniques to handle the natural ambiguity that exists in clinical data [15],
[16]. The combination of learning abilities and fuzzy reasoning in Adaptive Neuro-Fuzzy Inference Systems (ANFIS)
has proven effective for survival rate prediction [17]. Evolutionary algorithms, specifically genetic algorithms have
been used to develop and enhance rule-based classifiers for prognosis tasks. The study [16] used similar methodologies
to model and predict individual wellbeing outcomes based on intentional cognitive shifts by demonstrating how
machine learning integrates with soft computing techniques to solve complex non-linear problems.

The future trajectory of this field, charted by [4], is toward more sophisticated applications. Their analysis points to
such nascent trends as multimodal data integration, real-time adaptation of interventions, and the development of
explainable artificial intelligence systems that can provide clinically relevant insights. They project that, by the year
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2025, Al-enhanced mental health applications would have become standard tools in clinical practice with particular
emphasis on preventive interventions and early warning systems.

2.2 Neuroplasticity and Cognitive Training

Neuroplasticity serves as the biological rationale for cognitive training interventions [18]. A novel work by [11] shows
that deliberate practice leads to measurable changes in the brain. The detailed mechanisms of plasticity in their study
revealed the following: (i) synaptic strengthening from repeated activation, (ii) dendritic branching following
sustained practice, and (iii) neural network reorganization following consistent training. Their longitudinal study of
120 participants demonstrated changes in the structure of the brain in areas associated with emotional regulation after
only eight weeks of specific training, with cortical thickness increases ranging from 2.1% to 3.7%.

[19] extended this basis with their examination of thought suppression training. Their meta-analysis of 245 participants
demonstrated that intentional practice in techniques for controlling thoughts resulted in: (i) 35% improved suppression
of unwanted thoughts, (ii) a 28% decrease in intrusive thought frequency, and (iii) demonstrated sustained
improvements in emotional regulation up to six months post-intervention. Importantly, their work points out detailed
training protocols to optimize neuroplastic changes, such as practice duration (20-30 minutes daily) and spacing
(distributed practice over massed practice, with findings showing 1.5 times better outcomes).

2.3 Integration of Artificial Intelligence (Al) and Brain-Computer Interaction (BCI)

The convergence of Al and BCI has opened new frontiers in cognitive measurement and modification. [20] have given
an in-depth analysis of this integration, documenting advances in three key areas: (i) real-time neural signal processing
with 94% accuracy in state detection, (ii) adaptive feedback systems that improve learning rates by 40%, and (iii)
personalized intervention protocols that increase engagement by 65%. Their work shows how machine learning
algorithms can decode neural signals with unprecedented accuracy, enabling better measurement of the states of
cognition and change.

The study defines new benchmarks in the performance of BCIs based on signal-to-noise ratio improvements of 300%
with advanced preprocessing; a 25% improvement in classification accuracy due to deep learning techniques, and a
60% reduction in calibration time because of transfer learning. These technical advances make continuous cognitive
state monitoring increasingly feasible for real-world applications.

2.4 Predictive Modelling in Mental Health

Recent advances in predictive modelling have dramatically improved our ability to forecast mental health trajectories.
A report by [21] showed important breakthroughs in predictive accuracy, with results achieving the following: (i) 78%
accuracy in predicting the onset of depression six months in advance, (ii) 82% accuracy in identifying high-risk
individuals for anxiety disorders, and (iii) 75% accuracy in predicting treatment response patterns. Their work
establishes the validity of machine learning approaches for mental health prediction across different timeframes and
conditions.

In the article [22], the authors extended these findings to the prediction of cognitive decline, with even more impressive
results in longitudinal forecasting. Their model achieved accuracies of (i) 85% in predicting two-year cognitive decline
trajectories, (ii) 89% in identifying early markers of possible cognitive impairment, and (iii) 73% in the prediction of
treatment response in early intervention programs. These findings set the precedent for the use of machine learning
techniques in making long-term predictions of cognitive outcomes [23].

2.5 Data Integration and Strategy

The effectiveness of ML applications in mental health critically depends on sophisticated data integration strategies.
[24] outlined a comprehensive framework for data integration that addresses three key challenges: (i) temporal
alignment of diverse data streams, (ii) normalization of heterogeneous data types, and (iii) handling of missing or
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incomplete data. Their work shows how proper data integration can improve model performance by 30-45% compared
to single-modality approaches.

The framework identifies the challenges in combining subjective and objective measures and proposes novel methods
for: (1) standardizing qualitative and quantitative data by achieving 85% inter-rater reliability, (ii) temporal alignment
of asynchronous data stream by reducing temporal mismatch by 75%, and (iii) handling missing data through advanced
imputation techniques by reducing data loss impact by 60%. These methodological advances provide crucial guidance
on implementing multi-modal data integration in mental health applications [25], [26].

2.6 Current Challenges and Future Directions

Data Integration - The first major challenge we had to face arises from the mere complexity of data integration across
so many domains. Combining subjective measures like self-reported emotional states with objective physiological
measurements involves some unique methodological challenges. In addition, standardizing the metrics across these
different domains requires careful consideration for meaningful comparisons while preserving the unique
characteristics of each measure. Added to this are the temporal aspects of cognitive change of complexity, as we must
account both for immediate fluctuations and long-term transformations in our data integration framework, ensuring
that our measurements seize both the dynamic nature of cognitive states and the stability of lasting changes.

Model Validation - The model validation stage also has unique challenges when the application is cognitive training
prediction. In general, reliable ground truth is especially hard to establish with subjective experiences and
heterogeneous individual responses to interventions. The large inter-individual variability in responding to cognitive
training calls for complex models to account for these differences between individuals without sacrificing model
reliability. Secondly, validating long-term predictions is especially challenging as the time scales involved are very
long and hence, establishing model accuracy is difficult, as the effects of changing circumstances over time will have
to be adjusted.

Application - Taking our findings to applications is another level of challenges. Translation of statistical predictions
into meaningful, actionable interventions should be done with appropriate consideration of both clinical utility and
practical feasibility. Although our model enables personalization of training programs, operationalizing these
personalized approaches at scale while preserving their effectiveness poses significant challenges. Perhaps most
importantly, maintaining user engagement over long periods is crucial to program success yet is among the most
difficult components to achieve systematically, requiring a delicate balance between program effectiveness and user
experience.

[27] discussed similar challenges in precision medicine, offering valuable insights for personalized prediction
approaches. Their framework for outcome prediction using Al provides useful parallels for our work in cognitive
training.

2.7 Synthesis and Research Direction

Our comprehensive review of current literature reveals an exciting convergence at the intersection of machine learning
and mental health applications, while simultaneously highlighting critical areas that demand further investigation. The
field stands at a promising threshold where advanced computational capabilities are beginning to transform our
understanding of mental health interventions and cognitive plasticity. While [10] demonstrated the remarkable
potential of machine learning in mental health applications, and yield strong evidence for cognitive plasticity [11], the
bridge between these two domains is by and large unmapped. Specifically, comprehensive frameworks capable of
predicting and quantifying the effects of cognitive training interventions with any meaningful precision are lacking in
this field.

The technological landscape mapped out provides firm grounds for implementing state-of-the-art machine learning
solutions in the analysis of cognition [20]. When combined with the methodological frameworks developed by [11],
we now have the technical capabilities for more ambitious applications. Yet, these capabilities are still to be fully
tapped in cognitive training prediction and optimization. The gap between theoretical knowledge and practical
applications is not a challenge but rather an opportunity for substantial progress in the field.
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Our research aims to bridge these gaps by developing an integrated approach that combines multiple streams of
evidence into a cohesive predictive framework. By synthesizing diverse data modalities, establishing quantifiable
metrics for tracking progress, and creating models capable of forecasting individual improvement trajectories, we lay
the groundwork for a more precise, data-driven approach to cognitive training. This work moves beyond simple
measurement or basic prediction, with an aspiration to create a comprehensive system that can adapt to individual
needs yet maintain scientific rigor. By doing so, we advance the field toward more personalized, effective interventions
that can be validated by concrete measurable outcomes.

3. METHODOLOGY

3.1 Research Design Overview

Our research employs machine learning to predict wellbeing outcomes based on cognitive, behavioural, and
physiological metrics. We have developed a complete methodology that incorporates feature engineering, model
development, and validation procedures following the framework proposed by [11] for cognitive behavioural analysis.

3.2 Data Generation and Feature Selection
3.2.1 Feature Framework

We identified 16 key features across three primary domains as shown in Table 1.

Table 1. Feature Framework
Domains Features
Psychological Features e  Gratitude score (0-10 scale)
Peace duration (hours/day)
Anxiety episodes (count/day)
Joy moments (count/day)
Complaint count (count/day)
Positive affirmations (count/day)
Forgiveness events (count/day)

Physiological Features Heart rate variability (ms)
e  Cortisol level (nmol/L)

Sleep quality (0-10 scale)

Behavioural Features Exercise minutes (minutes/day)
Meditation minutes (minutes/day)
Social interactions (count/day)

Nature exposure minutes (minutes/day)
Screen time hours (hours/day)

Deep conversation count (count/day)

3.2.2 Data Generation Process

Since the approach was novel, we did not have good comprehensive datasets. Therefore, we had to generate synthetic
data (n=1,000) using realistic distributions informed by existing literature and clinical observations. Following [21]
approach to mental health prediction, we ensured our synthetic data maintained realistic relationships between
variables as shown in Figure 1.
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data = {
'gratitude score': np.random.normal (6, 2, n_samples).clip(0, 10),
'peace duration': np.random.gamma (2, 2, n_samples),
'anxiety episodes': np.random.poisson(3, n_samples),

Figure 1. Relationships between Variables

Distribution parameters were calibrated based on clinical observations of typical ranges, known correlations between
variables, physiological constraints and behavioural feasibility.

3.3 Model Architecture
3.3.1 Random Forest Classifier Design

In designing our predictive framework, the Random Forest classifier was chosen very carefully as our core modelling
architecture. Implementation was done with specific parameters optimized for the analysis of cognitive patterns. This
was driven by a few key considerations aligning with the unique challenges in psychological data analysis. The
inherent ability of this algorithm to capture and model non-linear relationships is especially of great value in our
context, because cognitive and behavioural patterns seldom take simple linear paths. This ability lets us model the
complex interplay of numerous psychological and physiological measures that make up wellbeing outcomes.

The Random Forest architecture shown in Figure 2 gives strong performance in the presence of outliers [8], an
important property when working with psychological measures that tend to contain natural variability and occasional
extreme values. This robustness guarantees that our model remains reliable in the face of the inevitable variability of
human behavioural data. Additionally, the classifier's ability to calculate feature importance automatically gives us
insight into which factors are more important than others in determining wellbeing outcomes, and which are most
predictive of positive change.

Random Forest Model Architecture
-
Input Features 1 1
Tree 1 Tree 2 Tree 3

« Gratitude Scoee

- Peacs Duration * A A

« Amiety Episodes ! | l | .

(180 Traes)

+ Jay Viments L] @ @ '

* Sieap Quality J L

« Fleart Rate Vr.

« Meditation Min.

* Screen Teme i ) Parameters

Ty Agagregation (Vioting) 1 estimere 150
- max_depth: 5
= min_samples_zplit: 15
= min_samples_loof: &
= max_features: sort
= booksrag: True

Wellbeing Class Prediction
—
A

Figure 2. Random Forest Model Architecture

Beyond these specific benefits, the ensemble learning approach that is inherent in Random Forests provides broader
benefits to our analysis. The benefits of our analysis come from combining multiple decision trees and aggregating
their predictions, which provides greater stability and generalization capacity than simpler alternatives. This approach
helps to mitigate individual model biases and produce more reliable predictions across diverse cases, making it
particularly well-suited for the heterogeneous nature of cognitive training outcomes.

We implemented a Random Forest classifier with the specifications as shown in Figure 3.

71



Journal of Informatics and Web Engineering Vol. 4 No. 3 (October 2025)

model = RandomForestClassifier (
n_estimators=150, # Number of trees
max depth=5, Maximum depth of trees
min samples split=15, Minimum samples for splitting
min_samples_leaf=6, Minimum samples per leaf
max features='sqrt', Feature selection method
bootstrap=True, Bootstrap samples
max samples=0.7, Subsample size
class weight='balanced' # Class weight handling

#
#
#
#
#
#

Figure 3. Random Forest Classifier

3.3.2 Wellbeing Score Calculation

As we designed our wellbeing measure, we realized that we required an integrated scoring scheme that could represent
the psychosocial components of psychological well-being. Therefore, we had to design an overall wellbeing composite
score that involves multiple factors under one meaningful metric. Designing this kind of scoring scheme had, naturally,
to involve thoughts about how several contributing elements combine towards a sense of overall well-being, in which
sophisticated weights will be involved to balance varied inputs.

Our weight assignment process was based on the integration of expertise and evidence from multiple sources. We
began with a comprehensive literature review to identify established relationships between various factors and
wellbeing outcomes. This theoretical foundation was further enriched through expert consultations in cognitive
psychology, mental health, and behavioural science, who provided valuable insights into the relative importance of
different components. The preliminary analysis of available data helped validate and refine these weightings for them
to reflect actual relationships between variables in the real world.

Clinical relevance was the ultimate arbiter of our weighting decisions, ensuring that the composite score would prove
meaningful and applicable in practical therapeutic settings. This multi-faceted approach to weight assignment resulted
in a scoring system that not only reflects theoretical understanding but also aligns with clinical observations and
practical requirements. The final weighting structure represents a balanced synthesis of research evidence, expertise
knowledge, empirical analysis, and practical utility-It creates a very robust framework about the quantifying wellbeing
both in science and practice.

We developed a composite wellbeing score incorporating multiple factors as shown in Figure 4.

wellbeing = (
0.30 * df['gratitude score'] +
0.15 * df['forgiveness events'] +

-0.25 * df['anxiety episodes'] +
0.20 * df['peace duration'] +

Figure 4. Wellbeing Score

3.4 Training and Validation Procedures
3.4.1 Data Preprocessing

In this phase, the data has been standardized in detail and class define. The correct model should work reliably using
not only feature scaling but also standardizing categorical features. The standardized model includes feature scaling
with StandardScaler, categorical variables properly encoded and protocols for handling missing values that are in
place. The class is defined with the wellness scores that were coded into three classes (Low, Medium, High) and the
class boundaries are determined through a quantile-based discretization method. Specifically, we divided the score
distribution into three equal parts using the 33rd and 67th percentiles as the cut-off thresholds. In our synthetic dataset
where the well-being score typically ranged from 0 to 10, this resulted in approximate thresholds of 4 and 7. Thus,
scores below 4 were classified as Low, scores between 4 and 7 as Medium, and scores above 7 as High.

This quantile-based approach was chosen to ensure balanced class representation and to reduce potential bias due to
uneven distribution. It is important to note that these thresholds are data-specific and may be recalibrated when
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applying the model to real-world data, ensuring that the categories reflect clinically meaningful distinctions in
wellbeing.

3.4.2 Model Training

The training protocol is, therefore, rigorous and includes stratified train-test split (80-20), 5-fold cross-validation, and
hyperparameter optimization via grid search to achieve model robustness and generalizability.

3.4.3 Evaluation Metrics

Our evaluation framework employs multiple complementary metrics, and validation approaches to provide a
comprehensive assessment of model performance and reliability. The performance metrics include accuracy, precision,
recall, F1-score, ROC-AUC scores, and confusion matrices. Meanwhile the validation approaches include cross-
validation scores, out-of-bag error estimation and learning curve analysis.

3.5 Progression Analysis

The progression analysis framework evaluates temporal changes in wellbeing states through timeline projections and
features important assessments, providing insights into both expected improvements and their underlying factors.

3.5.1 Timeline Projections

Our temporal analysis models well-being progression across three distinct timeframes, incorporating empirically
derived improvement factors to project expected changes in key metrics over time that include current state assessment,
3-month projection and 6-month projection.

Improvement factors were calculated as shown in Figure 5.

factors = {
'gratitude score': 1.3000, # 30% improvement at 3 months
'anxiety episodes': 0.7000, # 30% reduction at 3 months

Figure 5. Improvement Factors

3.5.2 Feature Importance Analysis

The feature importance analysis uses the built-in feature importance metrics from the Random Forest classifier to
quantify the relative contribution of different factors to wellbeing outcomes - Random Forest feature importance scores.

3.6 Visualization Framework

Our visualization framework implements multiple graphical representations to illustrate model performance and
temporal progression patterns, enabling clear interpretation of both static and dynamic aspects of the analysis:

3.6.1 Model Performance

The visualization of model performance uses standard statistical plots enriched with elements such as ROC curves,
confusion matrices, learning curves and feature importance plots. It gives rich insight into classifier behaviour and
reliability.

73



Journal of Informatics and Web Engineering Vol. 4 No. 3 (October 2025)

3.6.2 Progression Tracking

The temporal dynamics in the progress tracking visualizations track changes over time for key metrics and state
transitions in various time horizons. It includes comparisons of timelines, feature evolution plots and probability
distribution changes.

4. MODEL IMPLEMENTATION

The implementation of our brain training prediction system consists of data preprocessing, calculation of the wellbeing
score, model training, and prediction generation. This section provides the implementation framework using
pseudocode to illustrate the key algorithms and processes. Appendix I provides the full implementation of the model
in Python while Appendix II provides the prediction results.

4.1 Data Processing Pipeline

The data processing pipeline forms the foundation of our model implementation, handling the critical tasks of feature
standardization, well-being score calculation, and class label assignment. This pipeline converts raw psychological
and behavioural metrics into a form amenable to machine learning analysis as shown in Figure 6.

# Main data processing pipeline

def process training data(raw_data) :
# Standardize all numerical features
standardized data = standardize features(raw_data)

# Calculate wellbeing scores
wellbeing scores = calculate wellbeing(standardized data)

# Create class labels based on wellbeing scores
class labels = assign wellbeing classes(wellbeing scores)
return standardized data, class_labels

Figure 6. Main Data Processing Pipeline

4.2 Well-being Score Calculation

The composite wellbeing score is one of the novel contributions of our method, integrating psychological,
physiological, and behavioural metrics into a single quantitative indicator. Based on empirical literature as well as
clinical experience, we arrived at a weighted scoring scheme reflecting the relative importance of various factors for
determining overall wellbeing as shown in Figure 7. The weights were calibrated by literature review, expert
consultation, and preliminary data analysis for theoretical validity and practical utility.

def generate predictions (model, input data):
# Preprocess new data
processed data = preprocess_input (input data)

# Generate predictions with probabilities

predictions = {
'class_prediction': model.predict (processed data),
'probabilities': model.predict proba (processed data),
'confidence scores': calculate confidence (processed data)

}return predictions

Figure 7. Generate Predictions

4.3 Progress Projection

The progress projection module enables forward-looking analysis of cognitive training outcomes using empirically
derived improvement factors to predict wellbeing states over different time horizons. This predictive capability
integrates historical patterns of improvement with individual baseline measurements, generating personalized
trajectories that are very useful in intervention planning and expectation management as shown in Figure 8.
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def project improvement (current state, timeline months) :
# Define improvement factors based on timeline
improvement factors = get improvement factors(timeline months)

# Project future states
projected state = apply improvements (current state, improvement factors)

# Generate predictions for projected state
future predictions = generate predictions (model, projected state)

return future predictions
Figure 8. Progress Projection

5. RESULTS AND ANALYSIS

5.1 Model Performance Analysis

The Random Forest classifier achieved an overall accuracy of 81.67%, demonstrating strong predictive capability
across wellbeing states. Cross-validation results indicate robust generalization with a mean CV score of 0.7715
(£0.0374). The model shows balanced performance across classes, with F1-scores of 0.87 for Low, 0.72 for Medium,
and 0.85 for High states, confirming its ability to distinguish effectively between different wellbeing categories.

Figure 9(b) shows the Normalized Confusion Matrix. The visualization reveals strong classification performance,
particularly for Low (86.87%) and Medium (92.93%) states. The High state classification (70.59%) shows more
moderate performance but remains well above chance levels.

Figure 9(d) shows the learning curves demonstrating the model’s training progression. The narrow bands around both
curves indicate stable learning across different data subsets, with gradual convergence as sample size increases.

Detailed classification metrics reveal consistent performance across wellbeing states, with strongest performance in
identifying Low states (F1-score of 0.87) and High states (F1-score of 0.85), with slightly lower performance for
Medium states (Fl-score of 0.72). This pattern aligns with previous findings in psychological state prediction
literature.

5.2 Feature Importance and Relationships

Analysis of feature importance reveals peace duration (23.7%) and gratitude score (21.3%) as the strongest predictors
of wellbeing outcomes, followed by joy moments (10.8%), sleep quality (7.5%) and anxiety episodes (5.4%). This
quantitative finding provides empirical support for traditional emphasis on these mental states in cognitive training.

Figure 9(a) shows the feature importance plot. The visualization demonstrates the hierarchical impact of different
factors, with psychological metrics dominating the top positions. Behavioural and physiological measures show
moderate but consistent influence on predictions.

Figure 9(c) shows the ROC Curves. The curves demonstrate excellent discrimination capabilities for Medium states
(AUC = 0.49), with more moderate performance for High (AUC = 0.35) and Low state identification (AUC = 0.02).
The clear separation from the random baseline (dashed line) indicates strong predictive power.

5.3 State Transition Analysis

Our model demonstrates particularly strong capabilities in identifying state transitions, as evidenced by the confusion
matrix results in Table 2.
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Figure 9. (a) Feature Importance (Top-Left), (b) Normalized Confusion Matrix (Top-Right), (c) ROC Curves
(Bottom-Left), (d) Learning Curves (Bottom-Right)

Table 2. State Transition Analysis
Predicted — | Low Medium | High
Actual |
Low 86.87% | 0.00% 13.13%
Medium 0.00% 92.93% 7.07%
High 16.67% | 12.75% 70.59%

This pattern reveals robust identification of Low and Medium states (above 85% accuracy), with more moderate but
still strong performance in High state classification (70.59% accuracy). The model rarely confuses non-adjacent
classes, demonstrating strong ordinal understanding of wellbeing states.

5.4 Temporal Progression Analysis

Analysis of projected improvements shows consistent patterns of progression across different timeframes in Table 3.
At three months, key metrics demonstrate meaningful improvements.

Table 3. Temporal Progression Analysis at Three Months

Metric Baseline 3-Month Change
Gratitude Score 4.86 6.32 +30.0%
Anxiety Episodes | 4.40 3.08 -30.0%
Peace Duration 1.80 2.52 +40.0%
Sleep Quality 6.76 7.77 +15.0%

Six-month projections in Table 4 indicates continued improvement with some moderation in rate.
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Table 4. Temporal Progression Analysis at Six Months

Metric 3-Month 6-Month Add. Change
Gratitude Score 6.32 7.58 +20.0%
Anxiety Episodes 3.08 2.46 -20.0%
Peace Duration 2.52 3.28 +30.0%
Sleep Quality 7.77 8.55 +10.0%

5.5 Practical Implications

These results provide quantitative support for several key insights in cognitive training. The strong predictive power
of gratitude and peace duration suggests prioritizing these factors in training programs. The clear progression patterns
in three and six-month projections offer empirical support for typical intervention timeframes, while the varying
classification accuracy across states helps set realistic expectations for progress assessment.

The model’s better performance in identifying Low and Medium states compared to High states would suggest that
transition points between such states may mark meaningful milestones for cognitive training programs. This insight
can be useful in developing effective intervention strategies and progress monitoring systems.

6. DISCUSSIONS

6.1 Interpretation of Key Findings
6.1.1 Model Performance and Implications

The Random Forest classifier's performance (81.67% accuracy) demonstrates the feasibility of predicting wellbeing
outcomes through cognitive training. The relatively balanced performance across classes (F1-scores: Low=0.87,
Medium=0.72, High=0.85) indicates a robust capability to distinguish between different wellbeing states. The 12.9%
confidence gap between correct and incorrect predictions provides meaningful signal for reliability assessment in
practical applications.

6.1.2 Feature Importance Insights

The dominance of peace duration (23.7%) and gratitude score (21.3%) as primary predictors provide quantitative
support for traditional emphasis on these mental states in cognitive training. This finding aligns with the framework
of [1] for human flourishing, while adding precise metrics to their qualitative observations. The hierarchical
importance of features suggests a cascading effect where mental states influence physiological conditions, which in
turn affect behavioural patterns.

6.1.3 Progression Patterns

The analysis of three and six-month projections reveals several important patterns. The non-linear improvement
includes initial rapid gains in basic metrics, gradual stabilization of advanced indicators and variable rates across
different domains. Meanwhile, the state transitions have more reliable progression from Low to Medium states, greater
variability in achieving High states and clear influence of behavioural consistency.

6.2 Theoretical Implications
6.2.1 Neuroplasticity and Predictability

Our results support the theoretical framework of targeted neuroplasticity while adding a quantitative dimension to
understanding change trajectories. The successful prediction of state transitions suggests that contrary to some
perspectives in the field, cognitive transformation follows somewhat predictable patterns, as indicated by our
classification accuracy and confusion matrix results.
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6.2.2 Mind-Body Connection

The interplay between psychological features (52.47% importance) and physiological markers (28.31%) provides
empirical support for mind-body interaction theories. This aligns with recent findings by [20] while offering a more
precise quantification of these relationships.

6.3 Practical Applications
6.3.1 Clinical Implementation

Our findings suggest several practical applications for mental health professionals which include features such as
quantitative progress tracking, early intervention indicators and outcome prediction capabilities in the assessment tools.
Meanwhile, for treatment planning, we have evidence-based program design, personalized intervention strategies and
resource allocation optimization.

6.3.2 Individual Applications

For individuals engaged in cognitive training, we have progress monitoring and practice optimization. In the progress
monitoring, features such as clear milestone markers, realistic expectation setting and motivation enhancement
through measurable progress are included. Focus on high-impact activities, balanced approach across domains and
data-driven adjustment strategies are part of the practice optimization.

7. LIMITATIONS OF THE MODEL

The limitations of our study encompass both methodological constraints and implementation challenges that warrant
careful consideration. From a methodological perspective, our reliance on synthetic data and simplified relationship
modelling introduces inherent limitations in capturing the full complexity of cognitive-behavioural patterns. The
model’s lower accuracy for Medium well-being states (F1-score of 0.72 compared to 0.87 for Low and 0.85 for High)
suggests opportunities for further refinement, while the binary treatment of certain features may oversimplify complex
psychological phenomena.

To address these limitations, we have incorporated several mitigation strategies throughout our methodology. Our
approach includes strong cross-validation procedures to ensure the reliability of the model while still making
conservative projections for improvement trajectories. Regular monitoring of model performance helps identify and
address potential issues early, and explicit documentation of all assumptions ensures transparency and facilitates future
refinement. These strategies work together to enhance the reliability and practical utility of our results.

Practical implementation challenges centre around integration with existing healthcare systems and ensuring
consistent user compliance in data collection. The need for long-term outcome verification and cross-cultural
validation presents additional hurdles, particularly in handling individual variations across diverse populations.
Privacy considerations in collecting and processing sensitive psychological data add another layer of complexity to
practical deployment.

Since our current approach utilizes a multimodal dataset, our future work will prioritize incorporating additional
biological markers and objective sensor-based measurements. This will help further reduce reliance on subjective
assessments and improve the robustness of the wellbeing predictions. The potential benefits and trade-offs of a solely
physiological approach were discussed, noting that although biological inputs provide valuable objective data, they
may not fully capture the cognitive and emotional dimensions of well-being.

8. RECOMMENDATIONS

Our recommendations span both research directions and practical applications, informed by the findings of the study
and limitations. We call for building technical capabilities using deep learning architectures and improved temporal
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modelling while augmenting feature engineering to include real-time incorporation of data and complex interaction
modelling. Clinical implementation should be staged and must include training of staff protocols and robust outcome
monitoring systems. For private practice, we would suggest balanced training programs with regular progress
assessment and adaptive goal setting.

The development path forward should prioritize longitudinal studies with real data, cross-cultural validation, and
integration of qualitative insights. Technical advancements should focus on real-time monitoring systems and
improved feature extraction methods, while clinical tools should evolve toward comprehensive decision support
systems and intervention optimization algorithms. Personal applications should emphasize mobile monitoring systems
and automated feedback mechanisms, ensuring sustained engagement and effectiveness.

9. CONCLUSION AND FUTURE DIRECTIONS

Our research demonstrates the feasibility and value of applying machine learning techniques to cognitive training,
achieving 81.67% accuracy in well-being state prediction with particularly a strong performance in identifying Low
and High states. The model’s ability to quantify feature importance, particularly the significance of gratitude (21.3%)
and peace duration (23.7%), provides empirical validation for traditional cognitive training approaches while offering
new insights into the mechanisms of psychological wellbeing.

This study makes significant contributions to both theoretical understanding and practical application in cognitive
training. Our quantitative framework establishes the predictability of cognitive transformation trajectories, reveals the
hierarchical importance of different well-being factors, and provides empirical support for the interaction between
psychological, physiological, and behavioural metrics. The development of evidence-based program design tools and
quantitative progress-tracking methods offers practical value for mental health professionals and individual
practitioners alike.

Looking forward, this research opens promising avenues for development in real-time data integration, enhanced
prediction models, and personalized intervention strategies. As cognitive health and wellbeing continue to gain
prominence in public health discussions, our framework provides a foundation for more precise, evidence-based
approaches to mental health intervention. The integration of machine learning with cognitive science points toward
increasingly personalized and effective mental health interventions, supported by quantitative, evidence-based
methodologies.
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Appendix I: Model Implementation and Performance Metrics

This appendix presents the detailed implementation of the Random Forest classifier and its comprehensive
performance metrics, including accuracy scores, classification reports, confusion matrix, ROC curves, and feature
importance rankings based on the training dataset of 1,200 cases.

import numpy as np

import pandas as pd

import matplotlib.pyplot as plt

import seaborn as sns

from sklearn.ensemble import RandomForestClassifier

from sklearn.preprocessing import StandardScaler

from sklearn.model selection import train test split, cross val score, learning curve

from sklearn.pipeline import Pipeline

from sklearn.metrics import (accuracy score, classification_report, confusion matrix,
roc_curve, auc, roc_auc_score)

class BrainTrainingPredictor:
def init (self):
# Initialize base classifier
self.base classifier = RandomForestClassifier (
n_estimators=500,
max_depth=8,
min samples split=10,
min samples leaf=6,
max features='sqrt',
class_weight='balanced',
random state=42

)

# Create pipeline

self.pipeline = Pipeline ([
("scaler', StandardScaler()),
('classifier', self.base classifier)

1)

def get feature names (self):
return [

'gratitude_score', 'forgiveness events', 'anxiety episodes',
'peace duration', 'joy moments', 'complaint count',
'positive affirmations', 'sleep quality', 'exercise minutes',
'meditation minutes', 'heart rate variability', 'cortisol level',
'social interactions', 'nature exposure minutes', 'screen time hours',
'deep conversation count'

]

def generate data(self, n samples=1500):

np.random.seed (42)

data = {
'gratitude score': np.clip(np.random.beta(4, 2, n samples) * 10, 0, 10),
'forgiveness events': np.random.poisson(2, n samples),
'anxiety episodes': np.random.negative binomial (3, 0.5, n_samples),
'peace duration': np.random.gamma (3, 1.5, n_samples),
'joy moments': np.random.poisson(5, n_ samples),
'complaint count': np.random.negative binomial (4, 0.4, n_ samples),
'positive affirmations': np.random.poisson (4, n_samples),
'sleep quality': np.clip(np.random.normal (7, 1.2, n_samples), 0, 10),
'exercise minutes': np.random.gamma (4, 12, n samples),
'meditation minutes': np.random.gamma (3, 8, n samples),
'heart rate variability': np.clip(np.random.normal (65, 8, n_samples), 40, 90),
'cortisol level': np.random.gamma (3, 4, n_samples),
'social interactions': np.random.poisson(7, n_samples),
'nature exposure minutes': np.random.gamma (3, 25, n_samples),
'screen time hours': np.clip(np.random.gamma (4, 1.5, n samples), 0, 12),
'deep conversation count': np.random.poisson(3, n_samples)

}
df = pd.DataFrame (data)

df['gratitude score'] += 0.15 * df['joy moments']
df['peace duration'] += -0.15 * df['anxiety episodes']
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df['sleep quality'] += -0.15 * df['screen time hours']
df ['heart rate variability'] += 0.15 * df['exercise minutes']/30

return df.clip(lower=0)

def calculate wellbeing(self, df):

wellbeing = (
0.20 * df['gratitude score'] +
0.20 * df['peace duration'] +
0.15 * df['sleep quality'] +
0.10 * df['Jjoy moments'] +
0.10 * df['deep conversation count'] +
-0.15 * np.loglp(df['anxiety episodes']) +

0.10 * df['heart rate variability']/100
)

# Add interaction terms

wellbeing += (
0.05 * (df['gratitude score'] * df['joy moments'])/10 +
-0.05 * (df['anxiety episodes'] * df['complaint count'])/10

)

return wellbeing

def predict(self, X):
"""Enhanced prediction with consistency checks"""
X scaled = self.pipeline.named steps['scaler'].transform (X)

y proba = self.pipeline.predict proba (X)

# Ensure probabilities sum to 1
y proba = y proba / y proba.sum(axis=1)[:, np.newaxis]

# Get predicted class based on highest probability

pred class = np.array(['Low', 'Medium', 'High']) [np.argmax(y proba, axis=1)]

# Implement consistency rules

for i in range(len(X)):
peace = X['peace duration'].iloc[i]
gratitude = X['gratitude score'].iloc[i]
anxiety = X['anxiety episodes'].iloc[i]

if pred class[i

== 'High' and (peace < 4 or gratitude < 6 or anxiety > 5):

1
pred class[i] = 'Medium'
y_probal[i] = [0.2, 0.6, 0.2]
elif pred class[i] == 'Low' and (peace > 6 or gratitude > 8 or anxiety < 2):
pred class[i] = 'Medium'

y_probali] [0.2, 0.6, 0.2]

# Ensure confidence aligns with prediction
max prob = np.max(y probal[i])

pred idx = ['Low', 'Medium', 'High'].index (pred class[i])
if np.argmax(y proba[i]) != pred idx:

y _proba[i] = np.array([0.2, 0.2, 0.2])

y _probal[i] [pred idx] = 0.6

return pred class, y proba

def get feature importances (self):
importances = self.base classifier.feature importances_
return pd.DataFrame ({
'feature': self.get feature names(),
'importance': importances
}) .sort values ('importance', ascending=False)

def train model (self) :
df = self.generate data()
wellbeing = self.calculate wellbeing (df)

df['wellbeing class'] = pd.qgcut(

wellbeing,
g=[0, 0.33, 0.67, 1.0],
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labels=['Low', 'Medium', 'High']

b
Il

df [self.get feature names/() ]

y = df['wellbeing class']

X train, X test, y train, y test = train test split(
X, y, test size=0.2, random state=42, stratify=y

)

self.pipeline.fit (X train, y train)

y pred = self.pipeline.predict (X test)
y_pred proba = self.pipeline.predict proba (X test)

return {

'X train': X train, 'X test': X test,

'y train': y train, 'y test': y test,

'y pred': y pred, 'y pred proba': y pred proba
}

def get model metrics(self, results):
"""Improved metrics calculation"""
y test = results['y test']
y pred = results['y pred']
y_pred proba = results['y pred proba']

accuracy = accuracy score(y test, y pred)

class_report = classification report(y test, y pred, output dict=True)
roc_auc = {}
for i, class name in enumerate(['Low', 'Medium', 'High']):
fpr, tpr, _ = roc curve(y test == class name, y pred probal[:, i])
roc_auc[class name] = auc(fpr, tpr)
confidences = np.max(y pred proba, axis=1)
correct predictions = y test == y pred
metrics = {
'Overall Accuracy': accuracy,
'Class Performance': class_ report,
'ROC AUC Scores': roc_auc,
'Average Confidence': confidences.mean(),
'High Confidence Predictions (>80%)': (confidences > 0.8) .mean(),
'Correct Prediction Confidence': confidences[correct predictions].mean(),
'Incorrect Prediction Confidence': confidences[~correct predictions].mean ()

}

return metrics

def show_sample predictions(predictor, X test, y test, n_samples=7):

indices = np.random.choice (len(X test), n samples, replace=False)
X samples = X test.iloc[indices]
y actual = y test.iloc[indices]

y _pred, y proba = predictor.predict (X samples)

key features = ['peace duration', 'gratitude score', 'joy moments',
'sleep quality', 'anxiety episodes']

print ("\nSample Predictions:")
print ("=" * 80)

for 1 in range(n_samples) :
print (f"\nCase {i+1}:")
print ("\nKey Input Features:")
for feat in key features:
print (f"{feat:>25}: (X samples[feat].iloc[i]:>8.4f}")

confidence = max(y proba[i])

print (£"\n{'Actual Class':>25}: {y actual.iloc[il}")
print (f"{'Predicted Class':>25}: {y pred[i]}")
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print (£"{'Prediction Confidence':>25}: {confidence:.4f}")

print ("\nClass Probabilities:")

for j, label in enumerate(['Low', 'Medium', 'High']):
print (f"{label:>25}: {y proba[i][j]:>8.4f}")

print ("-" * 50)

def create visualizations(predictor, results, feature importance):
plt.figure (figsize=(15, 10))

plt.subplot(2, 2, 1)

sns.barplot (data=feature importance.head(), y='feature',K x='importance')
plt.title('Top 5 Feature Importance')

plt.xlabel ('Importance Score')

plt.subplot (2, 2, 2)
cm = confusion matrix(results['y test'], results['y pred'])

cm _norm = cm.astype ('float') / cm.sum(axis=1)[:, np.newaxis]
sns.heatmap (cm _norm, annot=True, fmt='.2%', cmap='Blues')

plt.title('Normalized Confusion Matrix')
plt.xlabel ('Predicted Label')
plt.ylabel ('True Label')

plt.subplot (2, 2, 3)
for i, label in enumerate(['Low', 'Medium', 'High']):
fpr, tpr, _ = roc curve(results['y test'] == label,
results['y pred proba'l][:, i])
plt.plot (fpr, tpr, label=f'{label} (AUC={auc (fpr, tpr):.2f})")
plt.plot ([0, 11, [0, 11, 'k--")
plt.title ('ROC Curves by Class')
plt.xlabel ('False Positive Rate')
plt.ylabel ('True Positive Rate')

plt.legend()

plt.subplot (2, 2, 4)

train sizes = np.linspace(0.1, 1.0, 5)

train_sizes, train_scores, test scores = learning curve (

predictor.pipeline, results['X train'], results['y train'],
train sizes=train sizes, cv=5

)

plt.plot (train_sizes, np.mean(train_scores, axis=1), label='Training score')
plt.plot (train sizes, np.mean(test scores, axis=1), label='Cross-val score')
plt.title('Learning Curves')

plt.xlabel ('Training Examples')

plt.ylabel ('Score')

plt.legend ()

plt.tight layout ()
plt.show ()

def main () :
predictor = BrainTrainingPredictor ()
results = predictor.train model ()
metrics = predictor.get model metrics(results)

print ("\nModel Performance Summary:")
print ("=" * 80)
print (£"\nOverall Accuracy: {metrics['Overall Accuracy']:.4f}")

print ("\nClass-wise Performance:")

for class name in ['Low', 'Medium', 'High']:
print (f"\n{class_name}:")
print (f" Fl-Score: {metrics['Class Performance'] [class name] ['fl-score']:.4£f}")
print (f" ROC AUC: {metrics['ROC AUC Scores'] [class name]:.4f}")

print ("\nConfidence Analysis:")

(
print (f"Average Confidence: {metrics|['Average Confidence']:.4f}")
print (f"High Confidence Predictions: {metrics|['High Confidence Predictions (>80%)']:.2%}")
print (f"Correct Prediction Confidence: {metrics['Correct Prediction Confidence']:.4f}")
print (f"Incorrect Prediction Confidence: {metrics['Incorrect Prediction Confidence']:.4f}")

85



Journal of Informatics and Web Engineering Vol. 4 No. 3 (October 2025)

86



Journal of Informatics and Web Engineering Vol. 4 No. 3 (October 2025)

Appendix II: Longitudinal Prediction Analysis

This appendix details the model’s predictions for five representative cases across three time periods (current, 3-
month, and 6-month projections), demonstrating the projected progression of wellbeing states and associated metrics
under consistent cognitive training practices.

Sample Predictions:

Case 1:
Key Input Features:

peace duration: 3.6307
gratitude score: 7.0009
joy moments: 7.0000
sleep quality: 6.8266
anxiety episodes: 3.0000

Actual Class: Medium
Predicted Class: Medium
Prediction Confidence: 0.6000

Class Probabilities:
Low: 0.2000
Medium: 0.6000
High: 0.2000

Case 2:
Key Input Features:
peace duration: 7.6175
gratitude score: 7.4520
joy moments: 5.0000
sleep quality: 4.4219
anxiety episodes: 2.0000

Actual Class: High
Predicted Class: Medium
Prediction Confidence: 0.6000

Class Probabilities:
Low: 0.2000
Medium: 0.6000
High: 0.2000

Case 3:
Key Input Features:
peace duration: 2.6182
gratitude score: 7.5356
joy moments: 6.0000
sleep quality: 6.6829
anxiety episodes: 0.0000

Actual Class: Medium
Predicted Class: Medium
Prediction Confidence: 0.6000

Class Probabilities:
Low: 0.2000
Medium: 0.6000
High: 0.2000

Case 4:
Key Input Features:
peace duration: 5.4792
gratitude score: 10.2314
joy moments: 10.0000
sleep quality: 6.6935
anxiety episodes: 4.0000
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