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ABSTRACT 

Autism Spectrum Disorder (ASD), originally described by Leo Kanner in 1943, is a 
complex developmental condition that manifests through social, emotional, and 
behavioral challenges, often including speech delays and difficulties in 
interpersonal interactions. Despite significant advancements in diagnostic criteria 
over the years, accurate diagnosis of ASD in adults remains challenging due to 
limited access to comprehensive datasets and inherent methodological constraints. 
The Autism Screening Adult dataset used in this study exemplifies these issues, as 
it contains missing values and exhibits a marked class imbalance, both of which can 
adversely affect model performance. To address these challenges, we proposed a 
framework that integrates Random Forest classification with MissForest imputation 
and the Synthetic Minority Over-sampling Technique (SMOTE). MissForest 
effectively imputes missing data by employing an iterative random forest approach 
that preserves the underlying structure of the data without relying on strict 
parametric assumptions. Meanwhile, SMOTE generates synthetic samples for the 
minority class, thereby balancing the dataset and reducing prediction bias. 
Experimental evaluation through 10-Fold Cross Validation demonstrated that the 
application of SMOTE significantly enhanced model performance. Notably, the 
overall accuracy improved from 70.17% to 79.32%, and the AUC-ROC increased from 
47.13% to 85.84%, indicating a robust improvement in the model’s ability to 
distinguish between positive and negative cases. These results underscore the 
critical importance of addressing data imbalance and missing values in predictive 
modeling for ASD. The promising outcomes of this study provide a solid foundation 
for developing more reliable diagnostic tools for adult ASD, and future research may 
further refine feature selection and incorporate additional data sources to optimize 
performance even further. 
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1. INTRODUCTION 

In 1943, Leo Kanner first introduced the term "autism" as 
a diagnostic label to define a specific syndrome that is 
characterized by early onset, characteristic 
symptomatology, and disrupted social and emotional 
relationships in young children [1]. The 
neurodevelopmental abnormalities known as autism 
spectrum disorders (ASD) are multifaceted, widespread, 
and intricate. The diagnosis is based on the observation 
of abnormal conduct, with criteria centered on limited, 
repetitive patterns of behavior, interests, or hobbies as 
well as deficits in social communication and engagement 
[2]. Because of the intricate underlying pathomechanisms 
that are activated by a variety of events, ASD is highly 
heterogeneous. While some people and children with 
ASD need significant assistance to carry out fundamental 
tasks, others are completely capable of doing all activities 

of daily living [3]. Additionally, individuals on the autism 
spectrum may exhibit various neurological, psychiatric, 
and medical co-morbidities that are important to take into 
account when planning interventions. They may also 
exhibit various problem behaviors (such as self-harm, 
hetero-aggression, compulsivity, hyperactivity, etc.) that 
are concerning to educators, therapists, and caregivers 
and frequently lead to social stigma [4]. Autism Spectrum 
Disorder (ASD) is most commonly diagnosed during early 
childhood because its characteristic symptoms often 
emerge in infancy [5]. The diagnostic process involves a 
careful evaluation of an individual's behaviors and 
developmental patterns against established criteria. 
These criteria serve as a framework that outlines the 
specific symptoms required to confirm an ASD diagnosis 
while also identifying any factors that might rule it out. By 
systematically assessing both the presence and absence 
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of these key symptoms, clinicians can ensure that the 
diagnosis is both accurate and appropriate for the 
individual's unique profile [6]. The Autism Spectrum 
Quotient (AQ), the Childhood Autism Rating Scale 
(CARS-2), and the Screening Tool for Autism in Toddlers 
and Young Children (STAT) are a few examples of 
screening techniques [7]. 

Even while most research on ASD has traditionally 

focused on children, there has been an increase in interest 

in evaluating ASD presentations in adults in recent years. 

Since milder types of ASD often go undetected in 

childhood, several researchers have placed special 

emphasis on the importance of detecting them in adult 

populations that do not include intellectual disability. This is 

particularly crucial because adult outcomes have been 

subpar, with many people finding it difficult to get and keep 

a job, succeed in higher education, and/or develop the 

skills necessary for independent life. Therefore, more study 

aimed at adults is required [8][9]. 

The diagnosis of ASD, particularly in adults, poses 
unique challenges due to the heterogeneity of symptoms 
and the lack of standardized diagnostic tools tailored for 
this population. Early diagnosis (between the ages of two 
and five) can open doors for therapy that could help a 
young child grow in particular areas, like social interaction, 
physical skills, and communication [10]. It is 
recommended that to increase the effectiveness and 
accessibility of the screening procedure and to speed up 
the diagnosis [11]. Now a days, machine learning has 
been applied to detect various diseases including ASD 
[12]. Machine learning (ML) presents a promising 
approach for early screening and diagnosis of ASD, 
enabling the identification of risk factors for prevention 
while offering efficient, accurate, and objective predictive 
capabilities [13][14]. 

Building on these advancements, one promising 

approach is to implement the Random Forest algorithm for 

ASD diagnosis. Random Forest classifier is a supervised 

classifier based on an ensemble of decision trees. The 

ensemble of trees is training by the bagging method [15]. 

Random Forest has been used in various fields, for 

instance, it had been used in banking for predicting 

customer response, for predicting the direction of stock 

market prices, in the medicine/pharmaceutical industry, e-

commerce, etc [16]. 

Imputation, the process of substituting expected values 

for missing or anomalous ones, is a useful strategy for 

dealing with comparable missing values and associated 

data quality issues in many applications [17]. In this 

research, the MissForest imputation method is utilized. 

MissForest imputation uses random forest models to 

repeatedly impute nonresponses variable by variable in 

increasing order of the number of nonresponses after first 

imputation by the mean[18]. Unlike simple mean/mode 

substitution or k-nearest neighbors, which can oversimplify 

the data and fail to capture complex, non-linear 

relationships, MissForest leverages the power of RF to 

iteratively predict missing values, thereby preserving the 

intrinsic structure and variability of the data. This approach 

is particularly advantageous for our dataset, as it ensures 

that the underlying behavioral and demographic 

relationships remain intact, ultimately enhancing the 

reliability of subsequent analyses and predictions in Autism 

Spectrum Disorder diagnosis. 

Another significant challenge in this research is the data 

imbalance, which can lead to biased predictions favoring 

the majority class. To address this issue, this research uses 

SMOTE. The SMOTE method generates synthetic data by 

applying linear interpolation between a minority class point 

and one of its K nearest neighbors [19]. 

In recent studies, Ramya and Arokiaraj (2024) employed 

a hybrid approach combining CNN and Random Forest, 

which yielded an accuracy of 98.75% in predicting an 

autism dataset. In order to increase the accuracy of 

predicting the severity of autism, this study presented a 

hybrid model that included Random Forest (RF) and 

Convolutional Neural Networks (CNNs). In addition to 

overcoming the drawbacks of independent models, the 

CNN and RF combination produced a more 

comprehensive and precise forecast. The CNN-RF model 

consistently outperformed the CNN and RF models 

separately in a variety of K-fold cross-validation scenarios, 

as evidenced by increased accuracy, precision, recall, and 

Kappa statistic. This finding confirmed the widely held data 

science observation that combining different models 

frequently produced better results than using them 

separately [20]. Novianto and Anasanti (2023) confirmed 

the effectiveness of the MissForest imputation method in 

achieving high-precision predictions for Autism Spectrum 

Disorder. In their study, MissForest proved instrumental in 

handling missing and anomalous values by iteratively 

refining the imputation process, thereby preserving the 

integrity of the underlying data. By integrating MissForest 

with advanced feature selection (SpFSR) and classification 

techniques (SVM), their hybrid model achieved an 

exceptional accuracy of 100%, surpassing previous 

studies. Despite the limited dimensionality of the dataset, 

the success of MissForest in this context underscored its 

potential to enhance predictive performance, reduce 

computational complexity, and lower data collection costs. 

Future research was suggested to further explore its 

application on larger and more complex datasets, along 

with more robust validation strategies, to confirm these 

promising results [21]. Ismail et al. (2023) demonstrated the 

effectiveness of a hybrid Stacking-SMOTE model for 

predicting autism spectrum disorder (ASD)-causing genes. 

By integrating the MissForest imputation method to 

address missing and anomalous data with SMOTE to 

overcome class imbalance, their approach leveraged 

robust feature selection (SpFSR) and advanced 

classification techniques, including ensemble methods like 

gradient boosting on Random Forest (GBBRF) within a 

stacking framework. This combination resulted in a 

significant improvement in predictive performance, 
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achieving an accuracy of 95.5%—a notable advancement 

over previous studies. Furthermore, the incorporation of a 

hybrid gene similarity function based on GO annotations 

proved effective in enhancing the model's ability to capture 

functional similarities between genes, although the limited 

availability of GO annotations for some genes remained a 

challenge. Future research was expected to further 

integrate additional data sources, such as gene expression 

profiles and protein–protein interaction networks, to 

improve the model's accuracy and generalizability [22]. 

 

2. MATERIALS AND METHOD 

In this study, we employed a comprehensive methodology 

that integrates several advanced techniques. Specifically, 

we utilized Random Forest as our primary machine 

learning model due to its robustness and effectiveness in 

classification tasks. To address the challenge of missing 

data, we applied the MissForest imputation method, 

which iteratively refines missing value estimates while 

preserving data integrity. Additionally, we implemented 

SMOTE to balance the dataset, ensuring that minority 

classes were adequately represented. Lastly, to 

thoroughly assess our model's performance across 

various data subsets, we used k-fold cross-validation 

throughout data processing. Fig. 1 shows the workflow for 

the research. 

A. Data Collection  

The Autism Screening Adult dataset, which was obtained 
from this link 
https://archive.ics.uci.edu/dataset/426/autism+screening
+adult, consists of responses from adult participants who 
underwent an autism screening test designed to detect 
behavioral indicators associated with Autism Spectrum 
Disorder (ASD). The Autism Screening Adult dataset 
consists of 704 instances and 20 features that capture a 
range of behavioral responses and demographic 
information, making it a valuable resource for analyzing 
autism-related traits in adults. Each record in the dataset 
includes demographic attributes (e.g., age, gender, 
ethnicity), responses to specific screening questions, and 
an overall classification or label indicating whether the 
individual screened positive for ASD. Because this 
dataset is publicly accessible and has been curated for 
research purposes, it is well-suited for developing and 
evaluating machine learning models aimed at early ASD 
detection and intervention planning. 

 

B. MissForest Imputation 

Data imputation is a crucial process in machine learning 

and statistical analysis, as it helps to address missing or 

incomplete values within datasets. Without proper 

imputation, missing data can lead to biased results, 

reduced model performance, and a loss of valuable 

information. MissForest (MF), an iterative technique for 

imputation that uses random forests (RF), sets itself apart 

from conventional imputation techniques by not assuming 

normalcy or requiring modeling parameter requirements 

[23]. 

Missing values in a dataset are initially filled with a 

default value typically the mean or mode of the available 

data for each variable, although median or custom values 

can also be used. The missForest imputation method then 

employs an iterative process that uses Random Forest 

models to predict and update the missing values for each 

variable. At each iteration, the algorithm builds a Random 

Forest on the observed cases for a given variable and 

uses it to impute the missing entries. This process 

continues until a convergence criterion is met or the 

maximum number of iterations is reached. Throughout 

this iterative process, the initial imputed values and the 

trained Random Forest models for each variable are 

stored, allowing the same sequence of operations to be 

applied to new data. As a non-parametric imputation 

method, missForest is versatile, effectively handling both 

categorical and numerical data by leveraging the 

predictive power of Random Forests to maximize 

imputation accuracy [24][25]. Algorithm 1 gives a 

representation of the missForest method. 

Algorithm 1.  missForest 

Require: X an n × p matrix, stopping criterion γ 
1: Sort X by amount of missing values of stations 

descend; 
2: Make an initial guess for missing values using 

another method; 
3: while not γ do 
4: Xold

imp
← store previously imputed matrix; 

5: for s in 1 · · · p do 
6: Fit a random forest: 𝑦𝑜𝑏𝑠

(𝑠)
 ~ 𝑥𝑜𝑏𝑠

(𝑠)
; 

7: Predict 𝑦𝑚𝑖𝑠
(𝑠)

 using 𝑥𝑚𝑖𝑠
(𝑠)

; 
8: Xold

imp
←update impute matrix, using predicted 

𝑦𝑜𝑏𝑠
(𝑠)

; 
9: update γ; 
10: return the imputed matrix X𝑖𝑚𝑝 

 

C. Synthetic Minority Over-sampling Technique 
(SMOTE) 

SMOTE, introduced in 2002 by Chawla et al., was 

developed to address the challenges posed by 

imbalanced classification. Its main purpose is to create 

synthetic samples for the minority class by leveraging k-

nearest neighbors and Euclidean distance [26]. The 

SMOTE algorithm (Algorithm 2) operates in a 

straightforward and understandable manner. It chooses 

the minority class instances' k-nearest neighbors for every 

instance of the minority class. Then, along the line 

segments that link the chosen instance to one of its k-

nearest neighbors, it generates synthetic instances. 

These artificial examples expand the minority class's 

representation and add fresh data points to the feature 
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space [27]. It typically outperforms simple oversampling 

and is commonly employed in various applications. The 

SMOTE method generates a synthetic sample by linearly 

combining two samples from the minority class (𝑋𝑖 and 𝑋𝑗) 

as follows in Eq. (1): 

𝑋𝑛𝑒𝑤 = 𝑋𝑖 + (𝑋𝑗 −  𝑋𝑖) ∗ 𝛼 (1) 

  

For the new artificial instance 𝑋𝑛𝑒𝑤 of the minority class, a 

sample 𝑋𝑖 chosen randomly. Then, using the Euclidean 

distance, 𝑋𝑖  is selected at random from the minority 

class's five closest neighbors [28]. A random float value 
between 0 and 1 is entered for the parameter α [29]. In 
our study, we employed SMOTE with the default setting 
of k=5, meaning that for each minority class instance, the 
5 nearest neighbors were considered for generating 
synthetic samples (Algorithm 2). Using 5 neighbors helps 
to ensure that the new synthetic data points accurately 
reflect the underlying distribution of the minority class 
while minimizing the risk of overfitting or introducing noise. 

 

Algorithm 2.  SMOTE 

Require:  𝑋 ∈ ℝ𝑛𝑥𝑝 the features 
Require: 𝑌 ∈ {0, 1}𝑛 the binary class label 

outputs 

Require: 𝑘 ∈ N the number of neighbors to select 

for the 𝑘-Nearest Neighbors. 

Ensure: Generated data 𝑋𝑛𝑒𝑤 ∈ ℝ𝑞𝑥𝑝 and 𝑌𝑛𝑒𝑤  ∈ 

{0, 1}𝑞 with 𝑞 points created. 

1: Denote by 𝑆1 the number of points labelled as 

the minority class and 𝑆0the number of points 

labelled as the majority class. 
2: Initialize 𝑋𝑛𝑒𝑤and 𝑌𝑛𝑒𝑤 as empty vectors. 

3: while 𝑆1< 𝑆0 do 

4: Filter Ɗ = 𝑋𝑖|𝑌𝑖 = 1, the set of points labelled 

as minority class 1  
5: Randomly choose 𝑟 ∈ Ɗ and find the indices 

of its 𝑘 nearest neighbors 

6: Randomly choose an index 𝑟2 among these 

neighbors. 
7: 𝑥𝑛𝑒𝑤 ←  α ×  𝑥𝑟1 + (1 − α) ×  𝑥𝑟2  with 𝛼 ∈ 

[0,1] randomly chosen 
8: 𝑦𝑛𝑒𝑤 ←  1 

9: 𝑆1 =  𝑆1 + 1 

10: Append 𝑥𝑛𝑒𝑤 to 𝑋𝑛𝑒𝑤, append 𝑦𝑛𝑒𝑤 to 𝑌𝑛𝑒𝑤 

11: end while 
12: return 𝑋𝑛𝑒𝑤  , 𝑌𝑛𝑒𝑤  

 
 
 
 

 

Fig 1. Data preprocessing, feature selection, modeling, evaluation, and final results interpretation. 
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D. Random Forest 

Random Forest is an ensemble learning algorithm that 

generates multiple decision trees and aggregates their 

predictions, typically by averaging the outputs. This 

approach mitigates the risk of overfitting that individual 

decision trees may exhibit, thereby enhancing the model’s 

generalization and predictive accuracy [30]. 

Ensemble approaches typically rely on either bagging 
or boosting. Random Forest adopts bagging by training 
each model on random subsets of the dataset in parallel. 
In ensemble frameworks, the final outcome is determined 
by combining all individual model outputs, such as by 
averaging in regression tasks [31]. Random Forest 

created a random vector Θ𝑘 for every 𝑘𝑡ℎ tree, all vectors 

Θ1, … , Θ𝑘−1 are independent but have the same 

distribution; each tree builds a regression modelℎ(𝑥, Θ𝑘) 
where 𝑥 is an input vector. The result is a set of regression 

values, these are evaluated by the mean and this 
becomes the Random Forest result. 

𝐸 = − ∑ 𝑝𝑖

𝑐

𝑖=1

× log (𝑝𝑖) 
 

(2) 

 

The Eq. (2) provides the entropy at each internal node of 
the decision tree, where pi is the prior probability of each 
class and c is the number of distinct classes. To obtain the 
greatest information at each decision tree split, this value 
is maximized. The mean squared error at each internal 
node is a frequently used splitting criterion for regression 
issues [32]. Algorithm 3 gives a representation of the 
missForest method. 

 

Algorithm 3.  Random Forest 

Precondition:  A training set S := 
(𝑥1, 𝑦1), … , (𝑥𝑛, 𝑦𝑛), features F, and number of 

trees in forest B. 
1: function RANDOMFOREST (S, F) 
2: 𝑯 ←  ∅ 

3: for 𝑖 ∈ 1,…, B do 

4: 𝑆(𝑖) ← A bootsrap sample from S  

5: ℎ𝑖  ← RANDOMIZEDTREELEARN (𝑺(𝒊), 𝑭) 
6: 𝑯 ←  𝑯 ∪ {ℎ𝑖}  
7: end for 
8: return H 
9: end function 
10: function RANDOMIZEDTREELEARN (S, F) 
11: At each node : 
12: 𝑓 ← very small subset of F 

13: Split on best feature in 𝑓 

14: return the learned tree 
12: end function 

 
E. K-Fold Cross Validation 

The K-fold CV is simple to build, adaptable, and rarely 
depends on model structure [33]. K-fold cross-validation 
divides the dataset into k subgroups of equal size.For 
each iteration, one subset is used for validation while the 

remaining k-1 subsets are used for training. This process 
is repeated k times, ensuring each subset is used exactly 
once for validation. The mean performance across all 
folds then serves as an estimate of the model’s overall 
effectiveness [34]. We chose 10 folds because this 
number is widely recognized for offering a good balance 
between bias and variance using 10 folds generally 
results in a lower bias in performance estimation 
compared to methods like leave-one-out cross-validation, 
while still maintaining reasonable computational efficiency 
and a lower variance than using fewer folds. 

𝑘 =  
𝑁

α
 

 
  (3) 

 
𝑡 =  𝑁 − 𝑡 (4) 

In Eq. (3), the variable “k” represents the ratio of the total 
number of data points (N) to the size of each fold. Thus, 
the total number of data points is calculated by multiplying 
the fold size by the number of folds. Eq. (4) further 
indicates that the training set size is derived by subtracting 
the test set size from the total number of data points [35]. 
Algorithm 4 gives a representation of the K-Fold Cross 
Validation method. 

 

Algorithm 4.  K-Fold Cross Validation 

1: Divide data into k equal folds 
2: for k in range(0,K) 
3: 𝑉 ←  𝐹𝑜𝑙𝑑𝑘  in data 
4: 𝑇 ←  𝑑𝑎𝑡𝑎\𝑉 
5: Train T 
6: 𝐴𝑐𝑐𝑘  ← evaluate V with trained model 
7: end for 
 

8: 𝐴𝑐𝑐 ←  
1

𝐾
 ∑ 𝐴𝑐𝑐𝑘  

𝐾

𝑘=1

 

 

F. Performance Metrics 

The performance evaluation begins with the construction 
of a confusion matrix, which tabulates the true positives, 
true negatives, false positives, and false negatives 
observed in the model's predictions. This matrix provides 
a comprehensive overview of the classifier's decision 
outcomes, as expressed in Table (1). 

 

Table 1. Predicted versus actual outcomes delineate 
classifier performance and error 

Actual 
Class 

Predicted Class 

True False 

True True Positive 

(TP) 

False Negative 

(FN) 

False False Positive 

(FP) 

True Negative (TN) 
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Derived from the confusion matrix, key performance  
metrics namely accuracy, precision, recall, and F1 score 
are computed. Accuracy is defined as the proportion of 
correct predictions out of all predictions made, providing 
an overall measure of model performance. Precision 
measures the percentage of instances classified as ASD 
that are truly ASD, indicating the model’s reliability in its 
positive predictions. Recall (or sensitivity) assesses the 

percentage of actual ASD cases that were correctly 
identified, which is particularly important for ensuring that 
critical cases are not missed. The F1-score, the harmonic 
mean of precision and recall, offers a balanced metric that 
accounts for both false positives and false negatives. 
Detailed information is given in Table 2. 

 

Table 2. Precision, recall, F1-score, and accuracy 

summarize model classification performance. 

Performance Metrics Formula 

Accuracy 𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑁 + 𝐹𝑃 + 𝑇𝑁
 

Recall 𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

Precision 𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

F1-Score 2 × 𝑝𝑟𝑒𝑐𝑖𝑠𝑜𝑛 × 𝑟𝑒𝑐𝑎𝑙𝑙

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑟𝑒𝑐𝑎𝑙𝑙
 

 

To further assess the model's discriminative capability, 

the Receiver Operating Characteristic (ROC) curve is 

generated, and the area under this curve (AUC) is 

calculated. A higher AUC indicates superior performance, 

with values ranging from 0 to 1, where 1 denotes perfect 

classification. This metric reflects the model's ability to 

differentiate between positive and negative cases across 

all possible classification thresholds. The ROC AUC is 

particularly significant for ASD classification as it 

encapsulates the trade-off between sensitivity (recall) and 

specificity, providing a single measure that is robust to 

class imbalance. This measure is mathematically defined 

as expressed in Eq. (5). 

 

𝐴𝑈𝐶 =  
( 𝑇𝑃

𝑇𝑃+𝐹𝑁)  × ( 𝑇𝑁
𝑇𝑁+𝐹𝑃) 

2
 

 
(5) 

 

Moreover, the interpretation of the AUC value offers 

valuable insights into a model's ability to distinguish 

between positive and negative classes. Additionally, AUC 

serves as a useful tool for model comparison and selection, 

allowing practitioners to assess the relative effectiveness of 

different classifiers [36]. To see the value of classification 

quality based on the AUC value can be seen at Table 3 

[37]. 

 

Table 3. AUC-based accuracy score evaluates model 

performance in classification tasks 

AUC Scores Category 

0.90 – 1.00 Excellent 

0.80 – 0.90 Good 

0.70 – 0.80 Fair 

0.60 – 0.70 Poor 

0.50 – 0.60 Failure 

 

3. RESULTS 

Before SMOTE was applied, our dataset exhibited a 
marked class imbalance, with the majority class 
containing 515 instances and the minority class only 189 
instances,as shown in Figure 2. This disparity, illustrated 
by a 73:26 ratio, raised concerns about biased model 
training, as classifiers tend to favor the majority class, 
which could result in diminished predictive accuracy for 
the underrepresented group. 

 

Fig 2. Visualization of class distribution before 
SMOTE was applied to the dataset. 

After SMOTE was implemented, the minority class was 
synthetically oversampled to achieve a more balanced 
distribution of samples. The application of SMOTE 
generated additional minority class instances, effectively 
equalizing the class representation. This rebalancing was 
expected to enhance the classifier's performance by 
improving its ability to detect and correctly classify 
instances from both classes, thereby positively impacting 
key performance metrics such as precision, recall, F1-
score, and AUC-ROC. 

This section focuses on evaluating the Random Forest 
algorithm for predicting Autism Spectrum Disorder (ASD) 
outcomes. To ensure data quality, we incorporated 
imputation techniques using MissForest Imputation. The 
primary aim was to evaluate the efficacy of the 
classification model in forecasting complications related 
to ASD. To achieve this, a variety of performance metrics, 
including precision, recall, accuracy, F1-score, and the 
Area Under the Curve (AUC) of the ROC curve, were 
employed. Additionally, we compared the performance of 
the model before and after applying SMOTE to address 
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data imbalance, thereby highlighting the impact of 
oversampling on enhancing prediction accuracy. Table 4 
presents the performance metrics, illustrating the 
improvements achieved through SMOTE application. The 
table above shows the performance of the Random Forest 
classifier before and after applying the Synthetic Minority 
Oversampling Technique (SMOTE). Notably, the 
accuracy increases from 70.17% to 79.32%, and 
precision jumps from 58.47% to 79.55%. Similarly, recall 
improves from 70% to 79.32%, leading to a corresponding 
rise in the F1-score from 62% to 79.28%. The most 
significant gain is observed in the AUC-ROC, which 
surges from 47.13% to 85.84%. Overall, these findings 
indicate that using SMOTE to address class imbalance 
substantially enhances the model’s predictive 
performance in classifying Autism Spectrum Disorder 
(ASD) cases. Fig. 3 shows the chart comparing 

performance metrics between SMOTE and non-SMOTE 
models, further illustrating the impact of oversampling on 
classification effectiveness.The model using SMOTE 
showed an increase from 47.13% to 85.84%, indicating a 
much-enhanced capacity to differentiate between positive 
and negative classes, highlighting the significance of 
AUC-ROC as well. 

 

Table 4. Comparison of performance metrics between 

models using SMOTE and non-SMOTE approaches. 

Evaluation NO SMOTE SMOTE 

Accuracy 70.17% 79.32% 

Precision 58.47% 79.55% 

Recall 70.17% 79.32% 

F1 - Score 61.98% 79.28% 

AUC - ROC 47.13% 85.84% 

 

Fig 3. Visualization of performance metrics 
comparison between SMOTE and non-SMOTE 
models. 

Consequently, the significant increase in AUC-ROC 

highlights that the SMOTE-based strategy is more 

successful in this medical diagnostic setting, even though 

certain trade-offs may be seen in other metrics. Fig. 4 

shows the visualization of ROC-AUC for SMOTE and non-

SMOTE models.  

 

4. DISCUSSION 

This study investigated the efficacy of a Random Forest 
classifier in predicting Autism Spectrum Disorder (ASD) 
outcomes, with a particular focus on the impact of 
addressing class imbalance through SMOTE. The model 
was evaluated using stratified 10-fold cross-validation, 
and several performance metrics were analyzed, 
including accuracy, precision, recall, F1-score, and AUC-
ROC. Our results indicated that applying SMOTE led to a 
notable improvement in most performance metrics. 
Specifically, accuracy increased from 70.17% to 79.32%, 
and precision rose from 58.47% to 79.55%. These 
enhancements suggested that the classifier became more 
reliable in correctly predicting positive instances when the 
minority class was oversampled. The improvement in 
recall, which increased from 70.17% to 79.32%, further 
indicated that the model with SMOTE was better at 
identifying positive cases overall. Consequently, the F1-
score, which balanced precision and recall, increased 
from 61.98% to 79.28%. 

 

Fig 4. ROC Curve Comparison Between SMOTE and 
Non-SMOTE Model Performance Visualization 

One of the most significant findings was reflected in the 
AUC-ROC metric. The model without SMOTE achieved 
an AUC-ROC of 47.13%, while the use of SMOTE 
boosted this value to 85.84%. This substantial increase in 
AUC-ROC highlighted the enhanced discriminative ability 
of the model in distinguishing between positive and 
negative classes, a critical factor in medical diagnostics 
where misclassifications could have had significant 
consequences. 

In comparison with previous studies, our approach 

utilizing Random Forest with SMOTE and MissForest 

imputation achieved an accuracy of 79.32%, with 

precision, recall, and F1-scores around 79%. By contrast, 

Ramya and Arokiaraj [20] reported substantially higher 
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performance using a hybrid CNN and Random Forest 

model, with an accuracy of 98.75% and precision and  

recall exceeding 97%. Moreover, Novianto and Anasanti 

[21] obtained perfect classification (100% across all 

metrics) employing MissForest imputation combined with 

SVM, while Ismail et al. [22] achieved an accuracy of 

90.7% using Random Forest with SMOTE. These 

variations may be attributed to differences in dataset 

characteristics, preprocessing methods, and model 

architectures, highlighting the trade-offs and challenges in 

optimizing classification performance for ASD prediction. 
Table 5 presents the performance metrics comparison 

between previous studies and the current research, 

illustrating the differences in accuracy, precision, recall, 

and F1-score across various methodologies. 

The improvements observed with SMOTE underscore 

the importance of addressing data imbalance in predictive 

modeling. While some trade-offs in certain metrics (such as 

a potential decrease in recall in some contexts) might be 

observed with oversampling techniques, the overall 

enhancement in performance metrics especially the 

dramatic rise in AUC-ROC demonstrates that SMOTE is 

highly effective in this application. 

In conclusion, this study provides compelling evidence 

that integrating SMOTE into the data preprocessing 

pipeline significantly enhances the predictive 

performance of the Random Forest classifier in the 

context of ASD diagnosis. These findings not only 

highlight the critical role of addressing class imbalance but 

also pave the way for future research that can explore the 

integration of additional data sources and alternative 

oversampling techniques to further optimize model 

performance. 
 

5. CONCLUSION 

This study aimed to predict Autism Spectrum Disorder 

(ASD) outcomes using a Random Forest classifier in 

combination with SMOTE for addressing class imbalance 

and MissForest for imputing missing values. The proposed 

approach achieved an accuracy of 79.32%, with precision,  

recall, and F1-scores of 79.55%, 79.32%, and 79.28%, 

respectively. 

Future research should focus on refining the feature 

selection process, exploring alternative oversampling 

strategies, and validating the model on larger, more diverse 

datasets. Additionally, incorporating boosting techniques, 

such as Gradient Boosting or XGBoost, into the ensemble 

framework could further enhance the predictive 

performance and reliability of ASD diagnosis models. 

These findings underscore the critical role of 
oversampling techniques in managing imbalanced 
datasets. Consequently, this study provides deeper 
insights into the effectiveness of different data imputation 
approaches and machine learning algorithms. Looking 
ahead, future work could focus on advanced feature 
selection strategies and the integration of multiple 
classification models to further enhance predictive 
performance. 
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