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Abstract: Machine learning struggles to predict autism spectrum disorder 
(ASD) due to real-world datasets’ underlying class imbalance. Adaptive cluster 
SMOTE and cost-sensitive learning (AdaCluCSL) is a new approach that 
improves ASD prediction accuracy. Combining adaptive k-means clustering 
SMOTE with cost-sensitive learning achieves this. Because positive ASD 
samples are few, conventional classification methods sometimes have poor 
predictive accuracy. AdaCluCSL uses adaptive clustering to find complex 
clusters in the underrepresented class and address this disparity. It then creates 
synthetic samples using SMOTE with cluster-specific weights. Then, the 
enriched samples are used with the original cases to train a cost-sensitive 
classifier that allocates additional costs to minority class misclassifications. 
Experimental tests on benchmark ASD datasets show that AdaCluCSL 
improves ASD prediction accuracy. Precision and recall rates have improved 
significantly, outperforming traditional methods. The AdaCluCSL algorithm 
can advance ASD prediction. It solves uneven data distribution issues, making 
early diagnosis and intervention more reliable. 

Keywords: prediction of autism spectrum disorder (ASD); K-means cluster; 
SMOTE; synthetic minority oversampling technique; CSL; cost-sensitive 
learning; imbalance classification; adaptive cluster SMOTE; cost-sensitive 
learning (AdaCluCSL). 
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1 Introduction 

ASD is a complex neurodevelopmental condition characterised by various challenges 
related to social communication, repetitive behaviours, and restricted interests. Its 
prevalence has been increasing globally, highlighting the urgent need for effective early 
diagnosis and intervention (Baio, 2018). The diagnostic process for ASD typically 
involves comprehensive assessments by clinicians, often relying on behavioural 
observations and standardised tools (Chunduri et al., 2024). However, the subjective 
nature of these assessments can lead to variations in diagnosis, highlighting the potential 
for computational approaches to provide more objective and standardised diagnostic tools 
(Al-Taee et al., 2023). The growing availability of large-scale datasets, advancements in 
data processing techniques, and the power of machine learning have offered new avenues 
for enhancing ASD diagnosis and prediction (Anand et al., 2023). Machine learning 
algorithms, driven by patterns and insights extracted from data, hold the potential to 
uncover subtle features and relationships that might elude human observers (Esteva and 
Kuprel, 2019). Researchers have explored diverse data sources, including behavioural 
data, neuroimaging, genetic markers, and electronic health records, to identify reliable 
biomarkers for ASD (Abrol and Modgil, 2021). 

However, ASD prediction through machine learning is hindered by the inherent 
challenge of imbalanced datasets (Elayaraja et al., 2024). The scarcity of positive ASD 
cases, in contrast to the larger pool of negative cases, can lead to biased model training 
and reduced predictive performance (Zhang et al., 2021). Conventional classification 
algorithms prioritise the majority class, resulting in suboptimal sensitivity (recall) for the 
minority class (ASD cases) (Chunduri et al., 2024). This limitation necessitates the 
development of specialised techniques that can effectively handle imbalanced data to 
improve ASD prediction accuracy (Anand et al., 2024). 

Over the years, researchers have explored diverse strategies to combat this issue, with 
techniques such as SMOTE (Synthetic Minority Over-sampling Technique), SVM-
SMOTE, adaptive SMOTE, and borderline SMOTE garnering considerable attention 
(Ghozali, 2022). The advent of SMOTE introduced an innovative approach to 
synthesising artificial instances for the minority class, effectively balancing the class  
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distribution and enhancing the predictive capacity of models (Obeta et al., 2024). The 
subsequent developments, including SVM-SMOTE combined SMOTE with Support 
Vector Machines, adaptive SMOTE that dynamically adjusted oversampling based on 
data distribution, and borderline SMOTE that focused on challenging borderline 
instances, have all contributed to the evolution of addressing class imbalance (Jani et al., 
2024). While SMOTE variants have shown promising results, a unique potential in k-
means-cluster SMOTE remains largely untapped (Karthikeyan et al., 2024). This method 
enriches the synthetic data generation by fostering a nuanced understanding of the 
underlying data clusters (Kumar et al., 2024). By aligning the generation process with the 
clusters, k-means-cluster SMOTE capitalises on the intrinsic data structure, thereby 
augmenting the quality and diversity of synthetic instances (Gharban and Al-Shaeli, 
2021). 

Despite its potential, adopting k-means-cluster SMOTE remains relatively sparse in 
the existing literature (Maroju, 2024). Most research endeavours have centred around the 
more established SMOTE variations, overlooking the synergistic possibilities that emerge 
when clustering techniques are integrated into oversampling (Ghozali et al., 2022). This 
research seeks to bridge this gap by exploring the uncharted territory of k-means-cluster 
SMOTE and its interplay with cost-sensitive learning, a tandem approach that intertwines 
oversampling with classification, preserving class ratios while considering the varying 
misclassification costs (Gandhi et al., 2024). 

Design of “AdaCluCSL: approach for autism spectrum disorder (ASD) prediction 
using adaptive clustering SMOTE and cost-sensitive learning”: The data imbalance 
problem of ASD prediction datasets has been emphasised (Paramasivan et al., 2024). In 
an era where accurate, early detection of ASD has become saliently indispensable, this 
approach integrates adaptive clustering SMOTE and cost-sensitive learning 
(AdaCluCSL) to enhance predictive accuracy (Jeba et al., 2023). SMOTE Adaptive 
Clustering focuses on the creation of high-quality synthetic samples that are tuned to the 
complex patterns of the minority class, thereby balancing the dataset more effectively. 
Cost-sensitive learning complements it by assigning higher penalties to misclassifications 
of the minority class, thereby making the model sensitive toward finding cases that 
combine different attributes, thus ensuring effective identification of the ASD cases 
(Padmaja et al., 2024). In this work, a solidly developed framework for enhancing the 
performance and robustness of predictive models related to ASD is at stake, leading to 
better early detection and intervention (Lawrence et al., 2024). This work constitutes a 
large leap forward in the area, where a highly developed method will be situated to deal 
with the problem of the highly imbalanced data, supporting improved outcomes for 
persons with ASD (Kuppam et al., 2024). 

The proposed approach of AdaCluCSL in this work provides a solution to imbalanced 
prediction problems of ASD (Regin et al., 2023). This is not a technique to handle the 
data imbalance effect; rather, it combines the strengths of the adaptive cluster synthetic 
minority oversampling technique (SMOTE) and cost-sensitive learning. Clustering 
adaptation guarantees the steer of the synthetic sample generation mechanism within the 
minor class for the formation of more focused oversampling (Singh et al., 2024). The 
developed technique adapts itself to the distribution of the data to generate high-quality 
synthetic samples that can supplement the representation of ASD cases in the training 
data. On the other hand, cost-sensitive learning adapts the learning process by assigning 
high penalties to the misclassification of the minority class. In this way, the model is 
ensured that it concentrates equally on both ASD and non-ASD cases, which results in 
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better predictivity for the under-represented class (Singhal et al., 2024). In this way, 
AdaCluCSL adopts two strategies to mitigate the problems related to conventional 
oversampling techniques and standard learning algorithms (Stalin et al., 2024). The main 
goal of the proposed framework is to improve the accuracy and reliability of ASD 
predictive models by providing balanced and informative training. Such a novel approach 
enhances the model performance, but on the other hand, it contributes to early detection 
and intervention for persons with ASD for better outcomes (Sengupta et al., 2023). The 
adaptability of the techniques based on adaptive clustering and cost-sensitive methods to 
integrate into AdaCluCSL makes it a sign (Rajest et al., 2024). 

1.1 Significance of this research 

This research paper holds paramount significance as it introduces the “Adaptive cluster 
SMOTE and cost-sensitive learning (AdaCluCSL)” framework, offering a 
groundbreaking solution to predicting ASD in machine learning. By effectively 
addressing the intrinsic class imbalance issue often prevalent in real-world ASD datasets, 
AdaCluCSL enhances prediction accuracy. This is achieved through a combination of 
adaptive k-means clustering and SMOTE, which rectify the disparity caused by the 
limited availability of positive ASD samples. Moreover, the integration of cost-sensitive 
learning underscores the importance of correctly identifying individuals with ASD, which 
is pivotal for early diagnosis and intervention. The experimental validations on 
benchmark ASD datasets demonstrate AdaCluCSL’s superior performance, particularly 
in precision and recall rates, signifying its potential to profoundly impact advancing ASD 
prediction, healthcare practices, and the well-being of individuals affected by ASD. 

The combination of ASD and machine learning holds immense potential for 
improving early diagnosis and intervention strategies. The AdaCluCSL framework 
represents a significant step forward in addressing the challenges of imbalanced data in 
ASD prediction. The subsequent sections delve into the methodology, experimental 
results, and implications of AdaCluCSL, shedding light on its effectiveness in enhancing 
the accuracy and reliability of ASD prediction. 

1.2 Organisation of this paper 

This research paper follows a structured organisation, beginning with a clear title that 
encapsulates its core focus. The abstract briefly outlines the paper’s research problem, 
methodology, key findings, and significance. The introduction (Section 1) provides 
context, identifies the research problem, and outlines the objectives and contributions. 
The related work in Section 2 reviews prior research and highlights gaps the proposed 
AdaCluCSL framework addresses. Section 3 provides details on the methodology of the 
proposed work. Section 4 presents the AdaCluCSL’s performance, followed by a 
discussion of implications. The conclusion summarises the findings and contributions. 

2 Related work 

Rahman et al. (2020) highlighted the urgency of early autism diagnosis and intervention. 
However, challenges like limited local diagnostic methods and therapy facilities often 
resulted in delayed care. The study examined the use of machine learning to improve 
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autism diagnosis accuracy and efficiency, using techniques like artificial neural networks 
and decision trees. It emphasised the importance of feature selection in autism 
classification. Alahmari (2020) class imbalance in ASD screening was addressed to 
enhance classification stability. Various oversampling and undersampling strategies were 
explored, and oversampling showed better classifier performance on unbalanced datasets. 

Jacob et al. (2023) focus on automated machine learning to identify autism using 
feature ranking methods, introducing a novel framework and highlighting its advantages 
over deep learning techniques. These works collectively enhance the accuracy and 
efficiency of autism detection methodologies. The proposed framework yielded an 
approximate Matthews correlation coefficient (MCC) of 90% and an approximate 
balanced accuracy of 95% for the autism datasets’ four age groups. While deep learning 
methods achieved a peak accuracy of 92.7% when applied to the same datasets, the 
authors exhibited limitations in extracting notable indicators. They did not provide 
information about the MCC for imbalanced data. Moreover, these techniques lacked the 
adaptability to accommodate new data inputs automatically. 

Abdelhamid et al. (2020) aimed to empirically evaluate the impact of class imbalance 
on classifier effectiveness using real-world autism datasets. The study focused on data 
imbalance techniques during pre-processing, utilising Oversampling methods like 
SMOTE and Undersampling. These techniques were combined with various classifiers, 
including Naive Bayes, RIPPER, C4.5, and Random Forest. Model performance was 
assessed using metrics such as area under curve (AUC) to gauge the impact of these 
techniques (Leming et al., 2021). The study concluded that Oversampling techniques 
outperformed Undersampling, particularly within the context of autism datasets related to 
toddlers. The results suggested that future research should explore integrating sampling 
techniques with feature selection to create models without overfitting the dataset  
(Ali et al., 2021; Wen et al., 2022). 

El-Sayed et al. (2015) used the SMOTE to address data imbalance in autism research, 
enhancing result accuracy and reliability. Thabtah (2019) critically evaluated existing 
autism research and proposed recommendations to enhance the use of machine learning 
in ASD studies. Qureshi et al. (2023) focused on predicting autism symptoms in young 
children using various machine-learning methods (Lei et al., 2023). Among the tested 
methods, the random forest approach outperformed other conventional machine learning 
techniques, achieving an accuracy of 89.23%. The visual depictions of the workflow of 
the scrutinised frameworks contributed to readers’ understanding of these approaches’ 
underlying mechanisms and structures. 

Santos (2023) focuses on unbalanced classification, utilising automated machine 
learning (AutoML) with the FLAML library to address autism diagnosis. The study 
showcases steps including dataset balancing, XGBoost model training, and performance 
assessment through metrics like the ROC, calibration, confusion matrix, and precision-
recall curves. The XGBoost model achieved remarkable performance, boasting an error 
rate of 0.0077, with metrics demonstrating its discriminative, calibration, and 
categorisation capabilities (Shi et al., 2022; Wang et al., 2022). 

Shilaskar et al. (2023) aimed to create predictive models using diverse machine 
learning algorithms for forecasting ASD and dyslexia occurrence across various age 
groups. Algorithms including Random Forest, SVM, XGBoost, Decision Tree, Logistic 
Regression, Naïve Bayes, and KNN were explored. The study evaluated the proposed 
model and AQ-10 screening tool using datasets encompassing individuals with and 



   

 

   

   
 

   

   

 

   

   190 M. Kavitha and M. Kasthuri    
 

    
 

   

   
 

   

   

 

   

       
 

without autistic symptoms. For the dyslexia dataset with 3644 instances and 197 
variables, the model exhibited superior accuracy, precision, F1 score, and recall. 

Integrating modern technologies, particularly machine learning, has emerged as a 
promising avenue for advancing ASD research. Techniques such as artificial neural 
networks, support vector machines, a priori algorithms, and decision trees have been 
harnessed to analyse and predict autism from diverse datasets. Amidst these 
advancements, the emphasis on feature selection and classification methodologies has 
become paramount, shaping the foundation for future diagnostic studies in ASD. 
Building upon the insights gleaned from the extensive body of related work, this study 
aims to contribute to the ongoing progress in ASD research by introducing an innovative 
and adaptive approach. The proposed methodology, Adaptive k-means-cluster SMOTE 
with cost-sensitive learning (AdaCluSL), capitalises on the synergy of multiple 
techniques. 

3 Proposed methodology 

This section outlines the methodology employed to develop, implement, and evaluate the 
AdaCluSL technique – a novel approach for improving ASD prediction accuracy through 
AdaCluCSL. The research methodology encompasses a series of well-defined steps 
designed to address the challenges of imbalanced data distribution and enhance the 
reliability of ASD prediction models. 

The methodology is organised as follows: it details the data collection and pre-
processing procedures and explains how adaptive clustering SMOTE is applied to 
generate synthetic samples. Subsequently, it delves into integrating cost-sensitive 
learning into the classification process. This comprehensive research methodology aims 
to provide a clear understanding of the development and implementation of the 
AdaCluSL technique, contributing to the advancement of ASD prediction research while 
maintaining ethical standards and scientific rigour. 

The state of the art in the field of imbalanced classification and prediction of ASD 
holds methods such as SMOTE ADASYN and advanced ensembling techniques such as 
XGBoost and LightGBM. They aim to bring a massive focus mainly on boosting the 
model performance and balancing the class distribution. On the other hand, advanced 
ensemble techniques, like XGBoost and LightGBM, primarily focus on the model’s 
performance in balancing the class distribution. AdaCluCSL is a clustering technique that 
integrates the idea of adaptive clustering and cost-sensitive learning in balancing the class 
distribution and improving misclassification costs while learning. This dynamic learning 
method is quite flexible with data divergence, where the minor classes are considered 
without overfitting. However, precisely benchmarking AdaCluCSL against them will be 
done through the precision, recall, F1-score, and AUC-ROC considered in the 
comparison to fully attest that it is a better framework for predicting ASD and one that 
handles imbalances robustly. 

However, the study did not explicitly address the potential risk of overfitting, which 
is common for techniques like SMOTE that generate synthetic samples. Overfitting 
happens when the model learns more about the noise and slight patterns in the training 
data. It is at the expense of the fact that the model generalises well on unseen data. 
Although SMOTE does much to correct class imbalance, sometimes it may create 
repetitive patterns from the minority class that the model memorises rather than 



   

 

   

   
 

   

   

 

   

    AdaCluCSL: an approach for autism spectrum disorder prediction 191    
 

    
 

   

   
 

   

   

 

   

       
 

generalises. Therefore, this paper needs to be enriched with techniques like cross-
validation, regularisation techniques, and the introduction of a validation set to monitor 
the model’s performance. Furthermore, because SMOTE might help in imbalanced 
classification, combining ensemble learning and adding dropout layers to the neural 
network will reduce the overfitting risks. This will make the AdaCluCSL framework 
competently trained, highly predicting, and exceptionally strong in real-world 
applications. 

This paper mentions the ‘Elbow’ method of determining the number of clusters for k-
means clustering, but only at the general level because this aspect is presented in the 
general approach for choosing an initial cluster. The parameter tuning process is not 
detailed enough to keep the paper readable since the work is very iterative, contextual, 
and, to a great extent, trial-and-error dependent. Detailed tuning makes a subtle trade-off 
between computational efficiency and model performance, frequently by several rounds 
of cross-validation and hyperparameter fine-tuning, which changes substantially for each 
data and model configuration case. The idea is to selectively provide details interesting to 
the reader and fitting into the main story while avoiding an overflow of details that 
possibly distract from the main results and approach of the paper. Therefore, the 
manuscript emphasises the broader framework of adaptive clustering and cost-sensitive 
learning with the hope of supplementing such minute tuning details, which should be 
brought in supplementary materials so that interested readers obtain a full view of 
experimentations and adjustments made toward performance or more elaboration in 
future works. 

This new approach allows for applying the final goal of ASD prediction by using 
AdaCluCSL. In particular, it describes how AdaCluCSL controls the sensitive problem of 
imbalanced dataset ASD prediction based on two very powerful methods. In this case, 
AdaCluCSL deals with the sensitive problem of balancing the very imbalanced dataset in 
the task of ASD prediction. Overbalancing the representative ASD cases in the dataset 
uses a synthesis technique of the best-fitted synthetic samples that can represent the 
intricate patterns of the minority class. Cost-sensitive learning further supplements this 
aspect by giving more serious penalties for misclassifications of ASD cases in such a way 
as to ensure that the model classifies between the classes more equally. The joint 
approach will thus improve dataset balance and ensure enhanced ASD predictions. The 
overall idea behind the development of AdaCluCSL is to help in the early, accurate 
detection of ASD, considering that it is imperative for timely intervention and supportive 
measures. Important to include are why these methods are needed, how they are 
implemented in practice, and how they contribute to better and more accurate models for 
predicting ASDs, which will lead the way to the experimental results and subsequent 
discussions. 

3.1 Data collection and pre-processing 

The research begins by collecting a dataset containing features related to ASD cases. 
Collecting and pre-processing data plays a crucial role in producing the initial ASD 
dataset for the later phases of the AdaCluSL approach. Utilising reliable data sources and 
implementing rigorous techniques such as resolving missing values, scaling features, 
splitting data, and accounting for class imbalance can guarantee that the dataset is 
appropriate and resilient for training, evaluating, and comparing the suggested 
methodology. The framework diagram is given in Figure 1. 
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Figure 1 AdaCluSL framework 

 

3.1.1 Data collection 
The efficacy of the AdaCluSL methodology is contingent upon the calibre and reliability 
of the dataset employed for training and validation purposes. Data for this research on 
ASD is obtained from reliable archives and clinical databases. The dataset includes a 
range of characteristics, such as behavioural, demographic, and clinical factors, which 
have previously been linked to the diagnosis and prediction of ASD (Lord et al., 2018; 
Karim et al., 2021). The objective is to guarantee that the dataset accurately reflects real-
world events and encompasses a wide range of information to facilitate precise model 
training. 

Reliable data sources provide high-quality, relevant information for building an 
accurate model. Resolving missing values is essential to prevent biases and inaccuracies; 
imputation techniques or excluding incomplete entries can be achieved. Scaling features 
standardise the data, ensuring that all variables contribute equally to the model, thus 
improving its performance and stability. Splitting data into training, validation, and test 
sets allows for an unbiased evaluation of the model’s performance, ensuring that the 
results are generalisable to new, unseen data. Addressing class imbalance, a common 
issue in ASD datasets, is crucial for preventing the model from being biased toward the 
majority class. This is achieved through techniques like Adaptive Clustering SMOTE, 
which generates synthetic samples for the minority class, and Cost-Sensitive Learning, 
which assigns higher penalties to misclassifications of the minority class. Together, these 
steps ensure that the dataset is comprehensive, balanced, and reflective of real-world 
scenarios, thereby enhancing the reliability and effectiveness of the AdaCluCSL 
methodology in predicting ASD. 

3.1.2 Data pre-processing 
Before using the data for training and assessment purposes, it is subjected to a sequence 
of pre-processing procedures to improve its appropriateness and quality for machine 
learning tasks. The AdaCluCSL validation dataset includes a wide range of 
characteristics, from behavioural to demographic to clinical, all associated with the 
diagnosis and prognosis of ASD. In this sense, it surely contributes to the thorough 
training of the model with data representation related to reality in association with the 
multidimensionality of ASD. The dataset considers different kinds of information: social 
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behaviours, genetic predispositions, age, gender, and clinical assessment, which provides 
the whole view, which is important in terms of accuracy and high reliability of the model 
training. The approach increases the generalisability and robustness of the predictive 
model and its preparedness to identify ASD across contexts and populations. The aim is 
to develop a model that is accurate and relevant, applicable to real-world clinical 
situations, and, in the end, supports better diagnostic and intervention strategies for 
individuals with ASD. General empiric validation processes strongly support the idea that 
varied data representation is key to building efficient machine-learning models for 
complex medical conditions. 

However, the data goes through various pre-processing steps to make it more relevant 
and of good quality for the tasks of machine learning: data cleaning, integration in the 
dataset, handling errors and inconsistencies, and missing values. Normalisation or 
standardisation needs to be done to place the data to scale. This will make it more 
adaptive to machine learning algorithms. Feature selection and extraction involve 
identifying and keeping just the best-relevant variables in the dataset, thus removing the 
extra dimensions of the data. This can also be another pre-processing step during OAl in 
handling class imbalances of the imbalanced dataset. This corrects the dataset by 
generating synthetic samples for under-represented classes during adaptive clustering 
SMOTE to handle class imbalances of the imbalanced dataset and pre-processing steps in 
ASD prediction. All these are prerequisites for successfully implementing improved 
learning of patterns and seeing improved predictions in ARD detection and prognosis. 

3.1.3 Missing value handling 
The dataset is thoroughly evaluated for missing values, a prevalent issue encountered in 
healthcare datasets in practical settings. Depending on their size and distribution, various 
tactics address missing data. These strategies include mean, median, and mode 
imputations, which fill in the missing values. When confronted with a substantial amount 
of missing data, it may be necessary to exclude the instances or characteristics associated 
with the missing data if their absence has a major impact on the overall quality of the 
dataset (Rubin, 2018). Table 1 shows the missing values in the datasets. This work 
considers three datasets (Thabtah, 2017a, 2017b; Tabtah, 2017) that are as follows: Child 
(Thabtah, 2017a), Adolescence (Tabtah, 2017) and Adult (Thabtah, 2017b). 

Table 1 reveals that the attributes ‘ethnicity’, ‘relation’, and ‘age’ exhibit missing 
values across the datasets. Each attribute requires a tailored approach to ensure the 
missing values are imputed appropriately without introducing undue bias. 

The missing values are observed in the attributes of ethnicity and relation. To address 
this, this work employs the mode imputation strategy. The mode, representing the most 
frequent category in each attribute, replaces the missing values. This approach ensures 
that the distributions of ethnicities and relations remain representative of the dataset’s 
characteristics. Let’s consider the dataset with values 1 2 3 4, , , , , nx x x x x… . The mode is the 
value ix  that occurs most frequently in the dataset. The dataset is multimodal and has 
multiple modes if multiple values have the same highest frequency. The mode is 
calculated using the following formula (1). In this notation, if  represents the frequency 
of the value .ix  

{ }1 2 3  where  , , , ,i i nM x f max f f f f= = …  (1) 
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The ‘age’ attribute in the child dataset has missing values. To mitigate this, this work 
adopts a numerical imputation strategy. Missing ages are attributed to the mean age of the 
available data. This choice maintains the statistical properties of the age distribution 
while addressing the gaps in age information. The mean is a fundamental statistical 
measure that represents the average value of a dataset. It is calculated by summing up all 
the values in the dataset and then dividing by the total number of values. The formula (2) 
for calculating the mean is as follows: 

1

1 
n

i
i

Mean x
n =

= ∑  (2) 

where: 

• n is the total number of values in the dataset. 

•  ix  represents each value in the dataset. 

Table 1 Missing values of attributes in the datasets 

Missing values (%) 
S. No. Attributes Child Adolescence Adult 
1 A1_Score 0 0 0 
2 A2_Score 0 0 0 
3 A3_Score 0 0 0 
4 A4_Score 0 0 0 
5 A5_Score 0 0 0 
6 A6_Score 0 0 0 
7 A7_Score 0 0 0 
8 A8_Score 0 0 0 
9 A9_Score 0 0 0 
10 A10_Score 0 0 0 
11 age 1.37  0.28 
12 gender 0 0 0 
13 Ethnicity 14.73 5.77 13.49 
14 jundice 0 0 0 
15 austim 0 0 0 
16 contry_of_res 0 0 0 
17 used_app_before 0 0 0 
18 result 0 0 0 
19 age_desc 0 0 0 
20 relation 14.73 5.77 13.49 
21 Class/ASD 0 0 0 
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3.1.4 Feature scaling 
The process of feature scaling is of utmost importance to maintain consistency across the 
scales of different features. This is done to prevent any feature from exerting excessive 
influence over others during a model’s training. Techniques such as Min-Max scaling, 
robust scaling, or Z-score normalisation are employed to rescale the characteristics within 
a defined range or have a zero mean and unit variance. Including this stage is crucial for 
ensuring the convergence and stability of diverse machine-learning algorithms (Guyon 
and Elisseeff, 2003). 

Min-Max scaling is often suitable when transforming the features into a specific 
range [0, 1]. It’s a good option for this experiment to preserve the relationships between 
features, and the data does not have significant outliers. The formula (3) is used to find 
the feature scaling: 

( )
( ) ( )

min
 
max min

i i

i i

x x
FS

x x
−

=
−

 (3) 

where 
•  ix  represents each value in the dataset. 

• ( )min ix  is the minimum value observed for that feature across all data points. 

• ( )max ix  is the maximum value observed for that feature across all data points. 

3.1.5 Data partitioning 
The pre-processed dataset was divided into training and validation/testing sets to evaluate 
the effectiveness of the AdaCluSL approach. The training set is allotted the bulk of the 
data and utilised for model training and optimisation. The validation/testing set is kept 
separate and unaltered during the training phase and is utilised to evaluate the 
performance of the trained model (Hastie et al., 2009). 

3.1.6 Addressing class imbalance 
From the perspective of the prevalent occurrence of class imbalance in datasets on ASD, 
we will undertake measures to tackle this difficulty effectively. Although the AdaCluSL 
approach effectively tackles class imbalance in later phases, it is important to maintain 
the original distribution of the dataset. In order to preserve the original class ratios in both 
the training and validation/testing sets, it may be necessary to employ stratified sampling 
(Japkowicz and Stephen, 2002). Figure 2 represents the imbalanced class in the datasets. 
The adult and adolescent dataset has highly imbalanced data. All the datasets are 
combined for experimental purposes. The combined dataset also has a highly imbalanced 
class. 

3.2 Adaptive clustering SMOTE 

Imbalanced datasets pose a significant challenge in machine learning, where the 
distribution of classes is skewed, often leading to poor performance of classifiers, 
particularly for the minority class. This challenge is particularly pronounced in medical 
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domains such as ASD prediction, where the scarcity of positive cases can hinder accurate 
model training. 

Figure 2 (a) Imbalance percentage of adult dataset; (b) imbalance percentage of adolescent 
dataset and (c) imbalance percentage of combined datasets (see online version  
for colours) 

(a) (b) (c) 

 

This study addresses this imbalance in most datasets available for ASD by presenting a 
new framework: the adaptive cluster SMOTE and cost sensitivity learning (AdaCluCSL) 
scheme that enhances the predictive performance of ASD. AdaCluCSL unites two 
schemes: adaptive cluster SMOTE and cost sensitivity learning in dealing with ASD 
datasets when the minority class is grossly less common than in cases when an individual 
is classified as not having ASD. The process first applies Adaptive Cluster SMOTE to 
oversample instances in the synthetic minority class, thus balancing the dataset 
artificially. Cost-sensitive learning is used to apportion distinct misclassification costs to 
ensure that the resultant model pays more attention to reducing errors that involve the 
particular cases of the minority class. Because it involves a dual-enhanced approach, it 
gives the right balance of emphasis in forming a set of training samples. It emphasises the 
correct ASD case identification, leading to more accurate predictions. 

The adaptive clustering SMOTE technique represents a novel approach aimed at 
addressing this imbalance by synergising the power of clustering and oversampling while 
tailoring the process to the distribution’s intricacies. K-means clustering is employed in 
the training instances belonging to the minority class (ASD cases) to identify clusters 
within this class. The characteristics of each cluster, such as distances to centroids, are 
computed. Cluster weights are calculated based on these characteristics, assigning higher 
weights to clusters that represent challenging instances. SMOTE is then customised to 
generate synthetic samples for each cluster, utilising the calculated cluster weights. This 
process ensures that the oversampling process is focused on the intricate regions of the 
minority class. AdaCluSL integrates two crucial components: adaptive clustering and 
synthetic sample generation. 
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3.2.1 K-Means clustering 

The first step involves applying the k-means clustering algorithm to the minority class 
instances. This algorithm groups similar instances into clusters based on feature 
proximity, forming a partition representing the data’s inherent structure. The number of 
clusters is determined through experimentation, ensuring a balance between granularity 
and capturing relevant patterns. In this research work, the number of clusters is chosen 
using the ‘elbow’ method. The number of clusters is set to 6 based on the 
experimentation. 

3.2.2 Cluster characteristics and weights 

For each identified cluster, several cluster characteristics are computed. These include the 
average distance between instances and the cluster centroid, instance density, and feature 
distribution. The significance of each cluster is then quantified by assigning a cluster-
specific weight based on these characteristics. Clusters representing dense or distinct 
regions receive higher weights, highlighting their importance. 

3.2.3 Customised synthetic sample generation 

The conventional SMOTE algorithm is enhanced with the incorporation of cluster-
specific weights. The likelihood of selecting instances from clusters is weighted 
according to their significance during synthetic sample generation. Clusters with higher 
weights contribute more to the oversampling process, ensuring that synthetic samples are 
strategically generated to reflect the complexities of different regions within the minority 
class distribution. 

Algorithm AdaCluSL 

Input: Imbalanced dataset. 
• k: Number of clusters for k-means clustering. 
• α: Tuning parameter for the cost-sensitive learning component.  

Output: balanced dataset, predictive model, and results. 
1: Load the dataset. 
2: Apply Min-Max scaler. 
3: Split the dataset into training and validation sets: 𝑋𝑋𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 , 𝑦𝑦𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡  𝑎𝑎𝑎𝑎𝑎𝑎 𝑋𝑋𝑣𝑣𝑣𝑣𝑣𝑣 , 𝑦𝑦𝑣𝑣𝑣𝑣𝑣𝑣 . 
4: Set the cluster centroids randomly. 
5: For each instance 𝑥𝑥𝑖𝑖  calculate the Euclidean distance between the instance and all centroids:  

𝑑𝑑�𝑥𝑥𝑖𝑖 , 𝑐𝑐𝑗𝑗 �𝑓𝑓𝑓𝑓𝑓𝑓 𝑗𝑗 = 1,2,3, . . , 𝑘𝑘. 
6: Assign each instance 𝑥𝑥𝑖𝑖  to the cluster whose centroid 𝑐𝑐𝑗𝑗  is the closest:  

𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶(𝑥𝑥𝑖𝑖) = 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑗𝑗 𝑑𝑑(𝑥𝑥𝑖𝑖 , 𝑐𝑐𝑗𝑗 ). 
7: Recalculate the cluster centroids using the instances assigned to each cluster:  

𝑐𝑐𝑗𝑗 =  1
|𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 (𝑗𝑗 )|

∑ ∈ 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶(𝑗𝑗)𝑥𝑥𝑖𝑖𝑥𝑥𝑖𝑖 . 
8: Compute an adaptive number of clusters k’ – repeat step 5 to 7 with the updated number of clusters. 
9: For each cluster 𝐶𝐶𝑗𝑗  apply SMOTE with the sampling rate 𝑤𝑤𝑗𝑗 to generate synthetic samples. 
10: Define the class weights based on misclassification costs: 𝐶𝐶0 = 1 (no ASD) and 𝐶𝐶1 = 0 (yes ASD). 
11: Train the cost -sensitive classifier using 𝑋𝑋𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 , ASD+Synthetic, 𝑦𝑦𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 , ASD+Synthetic , and class 

weights. 
12: Predict on 𝑋𝑋𝑣𝑣𝑣𝑣𝑣𝑣  to obtain predictions 𝑦𝑦𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 . 
13: Evaluate the results.  

The confluence of AdaCluCSL and ASD prediction represents an example of 
computational engineering being infused into solving complex medical diagnoses. 
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AdaCluCSL amalgamates the Adaptive Clustering Synthetic Minority Over-sampling 
Technique (CluCSL) with cost-sensitive learning (CSL), thereby enhancing the predictive 
accuracy of ASD. CluCSL manages to handle the class imbalance while preparing ASD 
datasets by adaptively producing synthetic samples for the minority class, ensuring better 
representation. At the same time, CSL pays importance to minimum misclassification 
costs, which is very important for depreciation in medical diagnostics, where false 
negativity can kill the concept. When bringing together these two techniques, the 
enhancement of the ASD prediction model is carried out, making it robust and reliable. 
This also enhances the model’s performance in machine learning and takes one step 
further, from an ethical point of view, in trying to decrease the risk of missed diagnoses. 
In that way, it brings the implementation of computational tools in medical science to a 
unique level of modernity. 

3.3 Cost-sensitive learning 

The AdaCluSL approach incorporates CSL to mitigate the impact of class imbalance 
during model training. The classification algorithm is modified to assign different 
misclassification costs to each class. Higher misclassification costs are attributed to the 
minority class (ASD cases) to encourage the model to prioritise accurate prediction of 
these instances. This modification guides the algorithm to achieve a balanced trade-off 
between precision and recall. 

4 Results and discussions 

The section also discusses the training and evaluation of the proposed technique, the 
experimental setup, and the selected baseline methods for comparison. Ethical 
considerations related to the use of sensitive health data are also addressed. Finally, the 
methodology concludes with an overview of how the research ensures the reproducibility 
of the experiments and the transparent dissemination of findings. 

The AdaCluCSL algorithm makes an important contribution to prediction research in 
ASD. These data distributions are problematic for conventional machine learning models, 
as the occurrence of ASD is much less in number compared to the non-ASD cases, 
leading to poor prediction. Adaptive Clustering SMOTE to generate synthetic samples in 
the minority class leads to balancing the dataset. The model also uses CSL to keep the 
cost of misclassification low, especially by focusing on false negatives, as is the case in 
medical diagnosis. Better predictability helps diagnose and devise intervention strategies 
at an early stage. Increased predictive capability supports timely and effective clinical 
decision-making, eventually leading to advances in patient outcome improvement in the 
application of machine learning in healthcare. 

4.1 Experimental setup 

This section comprehensively describes the experimental setup employed to assess the 
efficacy of the proposed Adaptive k-means-cluster SMOTE with cost-sensitive learning 
(AdaCluSL) technique for predicting ASD. The details encompass the operating 
environment, software tools, and hardware configuration. The studies were performed on 
a computing device operating under the following operating system: Ubuntu Linux 20.04 
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LTS is a long-term support version of the Ubuntu operating system, which is based on the 
Linux kernel. The AdaCluSL algorithm was implemented and afterwards evaluated 
through experimentation using the Python programming language. The subsequent 
Python libraries were frequently employed: The programming language utilised for this 
project is Python 3.8.10. The libraries employed include sci-kit-learn, imbalanced-learn, 
pandas, numpy, matplotlib, and seaborn. The studies were conducted on a computing 
system that has the following hardware configuration: Processor: Intel Core i7-10700K 
3.8GHz, eight cores, 16 threads, Memory: 32GB DDR4 RAM, Storage: 1TB NVMe 
SSD. In order to assess the effectiveness of the AdaCluSL approach, this research work 
utilised three datasets: Child (Thabtah, 2017a), Adolescence (Tabtah, 2017), and Adult 
ASD (Thabtah, 2017b). These datasets contain several qualities of demographic 
information, behavioural traits, and diagnostic features. The datasets utilised in this study 
were acquired from credible sources. 

The latest AdaCluCSL has been experimentally evaluated on benchmark ASD 
datasets, showing that it should be effective and increase accuracy in predicting ASD. 
The strong points of the proposed development are the advanced techniques used – 
AdaCluCSL – that greatly improve the model’s performance. The experimental results 
showed a significant increment in the precision and recall rates, crossing the 
performances for classical approaches. The second point is crucial for ASD prediction, as 
early and correct diagnosis of ASD is important for timely intervention and support. 
AdaCluCSL ensures improved results, for it deals effectively with the imbalanced 
datasets on ASD, providing a more dependable and nuanced understanding of the data for 
better predictive outcomes. Finally, the experiments proved the feasibility of this 
implementation and superior performance in this context, thus assuring its potential 
uptrend toward robustness in working as a tool for better and improved ASD prediction 
models, in line with the newest improvements/demands of the ML and healthcare 
analytics sectors. 

The experiments are designed to ensure a robust evaluation of the AdaCluSL 
technique. Cross-validation is employed to assess the model’s performance across 
different folds of the dataset. The number of clusters for adaptive clustering, as well as 
other hyperparameters, is determined through experimentation. The chosen 
hyperparameters are consistent across all experiments to ensure fair comparison with 
baseline methods. 

In this work, the experiments are discussed with a high level of detail; however, the 
necessary details to be reproduced strictly are missing. For example, these are versions of 
software libraries, versions of the programming environment, and dependencies. Random 
seed values used for data splitting and synthetic sample generation should be stored to 
enable the same partitioning at each control run, and thus, the results should be 
comparable. This includes details about the experimental setup, the software tools, and 
the version, for instance, Python, sci-kit-learn, TensorFlow, pre-processing, and 
respective configuration files or scripts. This, in turn, would enable other researchers to 
replicate experiments with faithfulness for validation and further development of the 
AdaCluCSL framework. Therefore, the research quality is better promoted with the 
transparency of this approach. 
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4.2 Model training and evaluation 

The classification algorithms are trained using the adaptive k-means-cluster oversampled 
and cost-sensitive training dataset. During training, the algorithm considers the adjusted 
class weights and minimises the cost-weighted classification errors. The model’s 
performance is evaluated on the validation/testing set using various evaluation metrics, 
including precision, recall, F1-score, and possibly AUC-ROC. These metrics provide 
insights into how well AdaCluSL addresses the class imbalance and enhances ASD 
prediction accuracy. 

4.2.1 Baseline methods 
To demonstrate the effectiveness of AdaCluSL, several baseline methods are selected for 
comparison. These methods include traditional classification algorithms applied directly 
to imbalanced data, undersampling, and other oversampling techniques. Each baseline 
method is evaluated using the same experimental setup to facilitate meaningful 
comparisons with the proposed AdaCluSL technique. The KNN classifier is employed in 
this study to investigate the impact of different values of k on the classification 
performance. The Naive Bayes classifier is a probabilistic classification algorithm that 
may be implemented to do probabilistic classification. PCA is a widely used technique in 
the field of dimensionality reduction. The Random Forest algorithm employs ensemble 
learning techniques to achieve robust categorisation. 

4.2.2 Discussions 
As shown in these values in Figure 3, absolute precision represents the number of 
correctly predicted positive cases out of all the cases predicted as positive by the 
classifiers. The higher the values in precision, the lesser the rate of false positives, and 
that is the ability of the classifier to identify positive cases. It can be elicited from this 
that, with all three datasets, the Random Forest classifier has shown consistently perfect 
precision of 1.000, which means it could identify all the positive cases without any false 
positives. This indicates the classifier’s best performance in detecting cases of ASD. The 
other two classifiers, Naive Bayes and KNN classifiers, also showed high precision 
values, which would indicate the capacity of these classifiers to pick up positive cases. 
The PCA classifier achieved Competitive precision values, reflecting its capability to 
classify positive cases correctly. These precision results give a perspective of classifier 
abilities in correctly identifying positive ASD cases over diverse age-specific datasets. 
From this, we found a comparatively low precision for the adolescence dataset compared 
with the other datasets, which will leave space for the candidate to improve. 
Conclusively, such high precision values for the classifiers further signify their reliability 
and accuracy in ASD prediction, with the Random Forest classifier outshining for its 
flawless performance. 

Indeed, adding adaptive clustering in the AdaCluCSL framework, combined with 
SMOTE and cost-sensitive learning, adds complexity that may present difficulties for 
those practitioners with less strong background in machine learning. Adaptive clustering 
forms clusters dynamically with strong assumptions about good knowledge of clustering 
algorithms and good parameters. Combined with SMOTE for synthetic sample 
generation and with cost-sensitive learning to explicitly counter class imbalance, it 
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becomes much more complicated. All these components need hyperparameter tuning and 
deep insight into machine learning principles to achieve optimal performance. This is 
only one of the reasons that adequate documentation, user-friendly interfaces, and step-
by-step guidelines are present in the implementation of the framework. Further on, one 
can say that example scripts, visual aids, and hand-holding through simplified 
explanations are given to close the knowledge gap and to let an approach become visible. 
It will allow a practitioner to use AdaCluCSL in real-world applications so that the best 
possible mileage is taken from the capability of advanced approaches, for which 
complexity must not become a bottleneck. 

Figure 3 Comparative analysis of precision: (a) adolescence dataset; (b) adult dataset and  
(c) child dataset (see online version for colours) 

(a) (b) (c)
 

Recall from the values shown in Figure 4 is the correctly predicted amount relative to the 
number of total positive cases within the dataset. A higher recall score indicates that the 
classifier can effectively identify a majority of the positive examples in the dataset. As 
can be observed, the Random Forest classifier provided a consistent recall score of 1.000 
overall for three datasets, indicating that the classifier was highly precise in correctly 
differentiating all the points of interest of positive cases in the dataset. Recall ratings in 
the case of Naive Bayes and PCA classifiers are highly significant, which indicates the 
effectiveness of these classifiers in correctly detecting positive cases. The KNN algorithm 
also shows a rather significant level of recall, which indicates its efficiency in detecting 
those occurrences that are true positives. The recall results are significant for determining 
a classifier’s capacity to determine true positive cases of ASD over different datasets 
specific to age. The above analysis, therefore, describes the effectiveness of these 
classifiers for detecting ASD. Hence, early diagnosis and intervention strategies can be 
improved by properly detecting affected cases. 

The F1-score may be defined as the mathematical average of accuracy and recall, 
specifically calculated using the harmonic mean. The evaluation method considers both 
false positives and false negatives, comprehensively evaluating the classifier’s 
performance. Figure 5 show that the Random Forest classifier consistently attained a 
flawless F1-score (1.000) across all three datasets, suggesting its exceptional ability to 
maintain a harmonious trade-off between accuracy and recall. The Naive Bayes, KNN, 
and PCA classifiers demonstrated notable performance in terms of F1 scores, indicating 
their proficiency in effectively managing accuracy and recall trade-offs. The F1-score 
findings offer valuable insights into the classifiers’ general performance in successfully 
detecting positive cases of ASD across several age-specific datasets while effectively 
reducing false positives and false negatives. 
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Figure 4 Comparative analysis of recall: (a) adolescence dataset; (b) adult dataset and (c) child 
dataset (see online version for colours) 

(a) (b) ((c) 
 

Figure 5 Comparative analysis F1-score (see online version for colours) 

(a) (b) (c)

 

Figure 6 depicts the confusion matrix obtained for the adolescence dataset. Figure 7 
represents the adolescent dataset’s Receiver Operating Characteristic (ROC). All 
classifiers demonstrated robust ROC curves, indicating their ability to discriminate 
between positive and negative instances effectively. The area under the receiver operating 
characteristic curve (AUC) for the Naive Bayes classifier is 0.860, for the KNN classifier 
is 0.88, for the Random Forest classifier is 1.000, and for the PCA classifier is 0.899. The 
Random Forest classifier attained an AUC value of 1.000, indicating a flawless 
performance. The findings from the dataset on adolescents indicate that all classifiers can 
accurately classify individuals with ASD. The Random Forest and PCA models 
demonstrated exceptional accuracy, precision, recall, F1-score, and AUC values, 
suggesting their appropriateness for this age group. The Naive Bayes and KNN models 
have demonstrated strong performance, highlighting their potential effectiveness in tasks 
involving the classification of ASD. 

The confusion matrix of the adult dataset is given in Figure 8. Figure 9 represents the 
ROC curve of the adult dataset. The area under the receiver operating characteristic curve 
(AUC) for Naive Bayes is 0.967, for KNN is 0.957, for Random Forest is 1.000, and for 
PCA is 0.958. 

The Random Forest classifier demonstrated exceptional performance with an AUC 
value of 1.000, indicating flawless classification accuracy. Interpretation: The findings 
obtained from the analysis of the adult dataset indicate that all classifiers exhibit a high 
level of efficacy in accurately categorising individuals with ASD. 
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Figure 6 Comparative analysis of confusion matrix for adolescence dataset (see online version 
for colours) 

 

Figure 7 ROC results for the adolescence dataset (see online version for colours) 
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The Random Forest and PCA algorithms exhibited exceptional performance, attaining 
flawless accuracy, precision, recall, F1-score, and AUC metrics. This remarkable 
outcome underscores the resilience of these methods. The Naive Bayes and KNN 
algorithms also exhibited favourable performance but marginally lower accuracy. 

Figure 8 Comparative analysis of confusion matrix for adult dataset (see online version  
for colours) 

 

Figures 10 and 11 depict the confusion matrix and ROC of the child dataset, respectively. 
The area under the receiver operating characteristic curve for the Naive Bayes classifier 
is 0.987, for the KNN classifier is 0.902, for the Random Forest classifier is 1.000, and 
for the PCA classifier is also 1.000. Both the Random Forest and PCA algorithms 
obtained optimal AUC values of 1.000. The findings from the child’s dataset demonstrate 
that the classifiers exhibit outstanding performance in accurately detecting cases of ASD. 



   

 

   

   
 

   

   

 

   

    AdaCluCSL: an approach for autism spectrum disorder prediction 205    
 

    
 

   

   
 

   

   

 

   

       
 

Figure 9 ROC results for adult dataset (see online version for colours) 

 

Figure 10 Comparative analysis of confusion matrix for child dataset (see online version  
for colours) 
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Figure 11 ROC results for child dataset (see online version for colours) 

 

Table 2 represents the comparative analysis of AdacluSL with the baseline ML models. 
Across all three age-specific datasets, the classifiers consistently demonstrated strong 
accuracy rates, indicating their effectiveness in accurately classifying ASD cases. 
Random Forest consistently performed exceptionally well across all age groups, 
suggesting its robustness in handling diverse age-specific data. Naive Bayes also 
showcased its reliability with high accuracy scores in adult and child datasets. 
Interestingly, the performance of KNN varied slightly across the datasets, achieving high 
accuracy in the adolescent dataset (0.95) but relatively lower accuracy in the child dataset 
(0.90) and adult dataset (0.94). PCA’s accuracy remained competitive across the age 
groups, showing its potential for accurate ASD classification, especially in the Child and 
Adult datasets. The experiment on the adolescent dataset yields low accuracy compared 
to the other two datasets. 

Table 2 Comparative analysis of accuracy in percentage 

Datasets 
Models Adolescent Adult Child 
AdaCluSL – KNN 95 94 90 
AdaCluSL – NB 90 98 98 
AdaCluSL – PCA 90 98 100 
AdaCluSL – RF 100 100 100 

These results collectively emphasise the potential of machine learning classifiers for ASD 
classification across different age groups, shedding light on each age-specific dataset’s 
unique characteristics while showcasing the evaluated classifiers’ strengths. The 
consistently high accuracy scores demonstrate the promise of these models in 
contributing to effective ASD diagnosis and management across diverse populations. 
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5 Conclusion 

The research methodology of the AdaCluCSL technique integrates AdaCluCSL to 
address the challenges posed by imbalanced ASD prediction data. This involves a 
systematic process of data pre-processing, customised oversampling, cost-sensitive 
learning, and comprehensive evaluation to enhance ASD prediction accuracy while 
ensuring balanced model performance. The Random Forest and PCA models 
demonstrated exceptional performance, achieving flawless accuracy, precision, recall, 
F1-score, and AUC values, indicating their robust suitability. The Naive Bayes and KNN 
models also showed notable efficacy, highlighting their capacity for precisely 
categorising ASD in children. The research acknowledges the limitations and 
assumptions inherent in the AdaCluCSL technique, such as assumptions about the 
distribution of clusters, the choice of evaluation metrics, and the representativeness of the 
dataset. These considerations are critical for understanding the scope and applicability of 
the results. 

5.1 Limitations 

An important limitation of the studies on the AdaCluCSL approach in Clustering SMOTE 
and cost-sensitive learning relates to the possibility of using absolute values of network 
connections. Such a setup will make the test results unusable, as it limits the relationship 
between different features, so the system fails to inform the resultant synthetic samples 
and other adjustments of the penalties related to this idea. In clustering, the directionality 
of data points to a cluster center is important to drive the synthesis of new samples, truly 
capturing the patterns of the minority class. In the same manner, in cost-sensitive 
learning, the same directionality of misclassification informs the adjustment of penalties 
to ensure that the model prioritises reducing false negatives in the case of ASD. Such 
directional aspects will lead to synthetic samples and penalty adjustments that do not 
reflect the underlying data structure and affect the performance and credibility of the 
model. Going further, therefore, this limitation is to be addressed within future studies 
through the incorporation of the directional information in clustering and cost-sensitive 
adjustments to ensure that the AdaCluCSL framework stays robust and has its findings 
valid, which allows for better ASD prediction evaluation according to data directions and 
relations. 

5.2 Future scope 

More research improvements could be made to include more machine learning models 
and ensemble techniques, therefore guaranteeing better prediction accuracy and 
robustness. Longitudinal studies and real-time data integration will improve the model’s 
chances of detecting ASD in differing stages of its development. The betterment of the 
dataset by incorporating demographic and clinical factors from varied populations will 
greatly increase the generalisability of the outcomes. Another testing dimension should 
be observed as AdaCluCSL is applied in other medical conditions with imbalanced 
datasets, thus generalising its accommodation among other contexts. Develop user-
friendly tools and software based on AdaCluCSL to make them useful in clinical settings 
among health practitioners for early and accurate diagnosis of ASD. Fine-tune the model 
parameter tuning and evaluation metrics with theoretical insights regarding the data and 
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clinical inputs. By and large, such advancements will contribute to early detection and 
early intervention in ASD, where, in general, people diagnosed with disorders have better 
outcomes. 
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