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Abstract

The classification of behavioural disorders is difficult, due to smaller dataset of patients, a large feature
space dimension, and high clinical variability, which may lead to low model generalization. Although
feature selection and hyper parameter tuning are the most popular applications of Swarm Intelligence
(SI) algorithms, the majority of current methods stop the optimization process as soon as the optimum
has been reached. On the other hand, recent research into gradient-based learning has demonstrated
the appearance of a phenomenon they refer to as grokking, where long optimization training can cause
late generalization. This review examines whether similar post-convergence behaviour could be relevant
to non-gradient, population-based optimization. A literature review was carried out through a
structured search of scientific databases from 2004 to 2026. The literature thus selected was examined
in terms of optimization strategy, learning behaviour, characteristics of the dataset, and clinical
applicability. The review offers four main research gaps: (1) post-convergence analysis missing from
swarm intelligence algorithms, (2) insufficient knowledge of grokking in decentralized optimization, (3)
lack of research in the field of behavioural healthcare, and (4) no validation performed on noisy clinical
datasets. From these observations, a conceptual framework for using grokking as a link between swarm-
based optimization is suggested. The review serves as a basis for further research on post-convergence
optimization, and could be useful for the development of more stable and reliable feature selection
methods for clinical decision supporting systems.
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1. Introduction

Machine learning clinical decision support is difficult, due to small data sets, large numbers of features,
and exhibit significant clinical heterogeneity, which can lead to overfitting and lack of generalizability.
Various algorithms of Swarm Intelligence (SI) in behavioural healthcare have been suggested in
literature, for feature selection and hyper parameter optimization [1]. They can search complex spaces
(non-convex) without information on gradients, which makes them appropriate for clinical data. But
most of the existing studies consider these algorithms from the view point of convergence time and
classification accuracy and optimization should stop when the algorithm is converged. This has been
disputed lately with deep learning models improving their generalization ability even after reaching
near-perfect training accuracy, known as grokking [2]. This generalization of the previous time step,
which has been described in a few gradient-based learning architectures, has never been explored for
non-gradient, population-based optimization architectures.
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In this review, the possibility of grokking and its possible interaction with swarm-based metaheuristic
optimization in the context of classification of behavioural disorders is explored[3]. It summarizes the
most important gaps at the intersection of these fields and introduces a conceptual framework for
studying optimization after convergence of non-gradient algorithms. The objective of this review is to
build a solid background on future research for developing more stable and reliable feature selection

techniques in clinical decision-support systems.

2. Literature Review: The Convergence of Two Domains

2.1 Swarm Metaheuristics in Behavioural Healthcare
Swarm Intelligence (SI) metaheuristics have gained popularity in behavioural healthcare because they
bypass gradient computations, search non-convex parameter spaces effectively, and resist local noise.
However, existing Sl-based clinical models prioritize rapid convergence. Tablel highlights common used
Sl algorithm in mental healthcare.
Table 1. Summary of Sl algorithms in mental healthcare

Algorithm Inspiration | Clinical Dataset | Optimization | Advantage Limitation
Application Target
PSO (Particle Bird ADHD and EEG, Feature Fast May converge
Swarm flocking ASD detection | questio | selectionand | convergence | to local optima
Optimization) | behaviour nnaire classifier and simple
(4] data tuning implementati
on

GWO (Grey Wolf Depression Clinical Hyper Balanced Sensitive to
Wolf leadership | classification and parameter exploration parameter
Optimizer) hierarchy behavio | optimization and settings
[5] ural exploitation

data
SSA (Salp Salp chain | Mental health | Tempor | Feature Robust local | Slower
Swarm movement | forecasting al optimization search convergence in
Algorithm) [6] health capability large datasets

records
WOA (Whale Bubble-net | EEG signal EEG and | Signal feature | Strong global | Can suffer
Optimization whale optimization biosigna | enhancement | exploration from instability
Algorithm) hunting Is
(7]
ACO (Ant Ant Behavioural High- Combinatorial | Effective for | Computationall
Colony foraging feature dimensi | optimization discrete y expensive
Optimization) | behaviour | selection onal feature
[8] clinical spaces

data
FA (Firefly Firefly Stress Wearabl | Feature Handles Performance
Algorithm) flashing detection e sensor | subset nonlinear decreases with
[9] behaviour data selection search noise

spaces well
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BA (Bat Echolocati | Sleep disorder | Physiolo | Neural Adaptive Risk of
Algorithm) on of bats | classification gical network frequency premature
[10] signals tuning search convergence
HHO (Harris Cooperativ | Schizophrenia | Neuroi Deep learning | Strong Requires
Hawks e hawk classification maging | optimization exploitation careful
Optimization) | hunting data capability parameter
[12] balancing

2.2 Grokking in healthcare
Recent deep learning studies reveal that stopping optimization at initial convergence can be premature.

Under specific conditions, extended training past zero training error triggers a delayed generalization

phase known as grokking. This review systematically explores how grokking dynamics apply to

population-based, non-gradient metaheuristics, laying the groundwork for more reliable diagnostic

decision-support tools.

Table 2. Comparative Summary of Key Healthcare & Vision Grokking Studies

Domain / Dataset / Key Findings & - .
Reference Architecture Task Mechanism Clinical / Practical Impact
Medical Imaging / Low-sample H|gh||ghteq delayed Emphasized that standard
Zhou et al. General Dee MRI generalization as a core early stopoing retains
(2021)[13] i P segmentati | bottleneck in small- .y PP g .
Learning . . subject-specific noise.
on datasets | cohort medical imaging.
Standard Showed grokking is a Validated late-stage
Humayun et .. .. e
al Computer Vision/ | vision general property of deep | generalization in
) CNNs & ResNets benchmark | networks, not limited to | conventional spatial
(2024)[14] .
s toy transformers. architectures.
Hybrid CNN-LSTM
. XYZ clinical extracts spatial and Enables early diagnosis,
. Deep Learning; temporal features; . C
Vidal, M. E. ) dataset; . assists clinicians in
CNN-LSTM with . attention improves - .
(2025)[15] . disease . . decision-making, reduces
Attention . interpretability and . .
prediction . diagnostic workload
accuracy over baseline
models
BraTS Extended training past Increased Dice scores by
Barakat et Clinical Africa 2025 . Ep approx. 3.5-3.9% across
. . convergence triggered
al. Neuroimaging / Challenge rokking. bypassin Tumor Core and
(2026)[16] nnU-Net (Preoperati 8 & byp ) 8 Enhancing Tumor without
shortcut learning.
ve 3D MRI) extra data

3. Key Contribution
Current studies emphasize convergence speed and accuracy but neglect delayed generalization and
longitudinal optimization dynamics. This leads to four major research gaps in the application of these
concepts to non-gradient and population-based algorithms. Firstly, the post-convergence learning
behaviour of non-gradient metaheuristic algorithms has not been investigated, leaving it unclear
whether these methods can achieve delayed improvements in generalization. Secondly the emergence
of grokking in decentralized swarm intelligence systems remains unexplored because these algorithms
optimize without a global error gradient. Thirdly, the application of grokking concepts to behavioural
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healthcare and other high-stakes clinical decision-support systems is still at an early stage, with no
systematic investigations reported. Lastly, current evidence is largely based on synthetic or benchmark
datasets. The behaviour of delayed generalization in noisy clinical datasets with diagnostic uncertainty,
label noise, and heterogeneous patient characteristics remains unknown. Table 3 highlights the research
gaps identified by this paper.

Table3. Research Gap

Existing S| Grokking Literature Missing Link
Fast convergence Delayed generalization | Sl grokking
Feature selection Representation learning | Stable features
Early stopping Long optimization Post-convergence search
Clinical optimization | Deep learning Unified framework

4. Discussion
To create clinically usable, reliable feature selection tools after convergence, these gaps need to be
addressed. Figure below shows proposed conceptual grokking-enabled Swarm Intelligence framework

Enhancing Behavioral Disorder Diagnosis with Grokking

Achieve deeper
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Enhance robustness
and generalization

Metaheuristic

Limited Diagnostic Grokking-Based Robust Diagnostic
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Figurel. Grokking In behavioural Disorder

5. Conclusion

1. The present paper studied the totally unexplored correlation between grokking and swarm based
metaheuristic optimization for behavioural disorder classification. There is a growing body of research
on swarm intelligence algorithms for feature selection and classifier optimization, but previous research
has largely been on how quickly the algorithm can converge, with no work done to consider how
performance can be enhanced after convergence. The review underscores the importance of studying
optimization after the implementation of convergence to enhance the stability and generalizability of
clinical prediction models.

2. Method used: Structured literature review was carried out on major scientific databases of the
studies published in the period 2004-2026. Systematic analysis of the literature was performed for
research on swarm intelligence, classification of behavioural disorders and grokking, with a set of
predetermined selection criteria. The selected studies were compared upon various issues of
optimization strategy, learning behaviour, characteristics of datasets, and clinical applicability to find
common trends and research gaps.

3. Key findings: In behavioural disorder classification, feature selection and hyper parameter
optimization, Swarm Intelligence (Sl) algorithms have exhibited good performance including PSO, GWO,
HHO, WOA, SSA, etc. Recent work on grokking has shown that this extended optimization can result in
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better generalization beyond this apparent convergence in the gradient based learning setting. An
existing study has not studied if similar delayed generalization behaviour exists in population based
swarm optimization. A dataset of behavioural disorders, which contains only a small number of
patients, a large number of features, and noisy clinical data, is a good choice for analysis of post-
convergence optimization dynamics. This review reveals a huge gap in the research and suggests a
conceptual model that connects grokking and swarm intelligence for more stable and clinically reliable
feature selection.

4. Restrictions and further research: This review focuses only on published studies, and is a non-
experimental conceptual synthesis. The proposed framework is yet to be implemented or tested on real
world behavioural data. Theoretical models for post-convergence behaviour in swarm intelligence
algorithms and testing the proposed framework with clinical data should be developed in the future.
The analysis of feature stability, the convergence dynamics in optimization and the impact of extended
swarm optimization on the classification accuracy could be useful to develop more reliable clinical
decision support systems.
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