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ABSTRACT 

Autism Spectrum Disorder (ASD) is a developmental disorder that affects a significant amount of people. Unfortu-
nately, ASD manifests in a large number of ways, meaning that diagnosing ASD is both time-consuming and inaccu-
rate, which results in many children with ASD not being diagnosed until later childhood. One advantage of an early 
diagnosis is that it allows for early intervention, which typically leads to much better results. We investigated multiple 
different machine learning models as potential methods of predicting ASD in children from text segments provided 
by the child's caregiver. Two promising models are multilayer perceptrons and logistic regression. We investigated 
different hyperparameters for multilayer perceptrons, such as the number of layers and size of hidden layers. We then 
conclude that text descriptions of a toddler's behavior given by a caregiver are highly accurate for predicting autism 
when combined with a multilayer perceptron. 

Introduction 

Autism spectrum disorder (ASD) is a developmental disorder that is commonly associated with difficulties in social 
communication and interaction, along with repetitive behavior and/or restricted interests. [1] The symptoms of autism 
vary among individuals and not all symptoms are necessarily present in an individual with autism. Therefore, autism 
diagnosis is a tedious and time-consuming process with rigorous screening throughout a child's early years. This pro-
cess often takes many years, so children with autism often are not diagnosed until early childhood. [2] If autism is 
diagnosed early, then this allows for therapies such as Applied Behavior Analysis to be provided earlier, when it is 
more effective. Early diagnosis of autism is associated with benefits later in life, such as a lower risk of mental health 
conditions in adolescence. In this project, we attempted to use natural language data provided by the caregivers of 
toddlers to help predict whether the toddler has ASD, a supervised learning problem. We investigated using a variety 
of architectures, such as multiple multi-layer perceptrons, as our machine learning model. 

Dataset and Data Preprocessing 

As mentioned above, the dataset we chose was the "Text-based Early Autism Spectrum Disorder Detection Dataset 
for Toddlers" dataset. [3] To generate the dataset, caregivers of toddlers were asked questions describing their toddler's 
behavior in different categories. Each sample within the data consisted of the text response, along with the category 
of the behavior that is described, which was not used in the model, and whether the child whose behavior was described 
has ASD. There were a total of 298 text responses. Of these, 139 described toddlers who were neurotypical (no ASD) 
and the other 158 described toddlers with ASD. 

The data type that models such as MLPs take as input is vector data, which is different from the raw natural 
language text data found in the dataset. As a result, the text must be converted into vector data in order for the MLP 
to be able to analyze the data. The first step is to tokenize the data, which is to split each text segment into a list of 
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individual words. The second step is to remove stop words. Stop words are common words that carry little information 
about the overall text, which can negatively impact the model performance. The third step is to stem the data. Each 
word in the dataset that isn't a stop word is converted to the base form of the word. Usually, prefixes and suffixes are 
removed, but the word form may be changed from plural to singular even without removing suffixes. The fourth step 
we took was to use word-2-vec to convert the base forms of the words to a vector representation. We used a pre-
trained word-2-vec model for this step, as described by Mikolov et al. (2013). [4] The model maps each word to a 
vector. The model was trained on a large corpus of text to determine which words have similar meanings, and assigned 
each word a vector so that words with similar meanings have similar vector representations. The final step is to take 
the average of the vector representations of each word within a text segment to get an overall vector representation 
for the whole text segment. If a word is repeated multiple times, it will be weighted more heavily in the average, which 
may impact the model output. All information about word order is lost during this process. Although word order 
information may be valuable, we do not know whether it is or how much so. One alternative, which does take into 
account word order, is using n-grams, but that has many drawbacks, as explained in the section above. 

 

Methodology 
 
The first step I took was to split the preprocessed data into training data and test data. 20% of the data points were 
randomly chosen to be the test data and the remaining 80% of the data points were the training data. This process did 
not take into account the question category or the ASD labels of the data, so the training or testing data could have a 
different ratio of data points that correspond to different categories or ASD statuses of the data. Since there are so few 
data points for each question category, using the category labels might lead to unreliable results due to the amount of 
variance present in a small sample. Because of that, we removed the category labels. 

This problem is quite similar to a sentiment analysis task since the objective is to analyze a person's descrip-
tion of a toddler's behavior. In this classification task, a label of 0 corresponds to the data representing the behavior of 
a neurotypical toddler, and a label of 1 corresponds to the data representing a toddler with ASD. 

The next thing I did was to test multiple different models to see which was the most effective when the data 
was pre-processed using word-2-vec, in contrast to n-grams. Different models operate differently, so they might give 
different results. To train each model, a loss function is used, which is the sum of the loss values for all data points in 
the training set. In this case, I am using the Binary Cross-Entropy Loss function, meaning that the loss for each input 
is the negative log of its probability. 

The first model I used was logistic regression, which involves interpolating the logistic value of the proba-
bility (i.e. the logit) that a given vector representation falls into the ASD class. One key idea here is that the range of 
possible probabilities [0,1] is mapped to the set of real numbers (-∞,∞) and back through the logistic and sigmoid 
functions, respectively. A linear function converts the vector values into a single number, which is then mapped to a 
probability using the sigmoid function. To train this model, the linear function’s weights were adjusted so that the loss 
value was minimized. [5] 

The second model I used was a random forest. This model consists of a large number of decision trees, and 
it passes the input into each of the decision trees within the model. In other words, a random forest is an ensemble of 
a large number of decision trees. Each decision tree consists of a set of nodes that contain a decision to make. The 
decision tree starts at the root node, and at each node, a decision is made that determines the next node to go to. 
Eventually, the decision tree will reach a leaf node, which contains a category label instead of a decision, and it outputs 
the category of the leaf node. The probability assigned to each category is proportional to the number of decision trees 
that outputted that category. [6] 

The third model I used was a multilayer perceptron. This model consists of multiple layers of neurons, in-
cluding the input layer, at least one hidden layer, and an output layer. The neurons in the first layer consist of the input 
values of the vector input. Each neuron on the second layer onwards is connected to each neuron in the first layer. To 
compute the value of each neuron in the second layer onwards, the values of each neuron in the previous layer is 
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multiplied by the corresponding weight for the neuron pair, and the sum of these values plus another bias value be-
comes the value. We typically model this as a matrix multiplication and addition. An activation function is then applied 
to the value of each neuron, which in our case is the rectified linear unit (ReLU), which sets negative values to 0 and 
leaves positive values unchanged. The final layer has two output neurons, and the probability assigned to each category 
depends on the values of the two output neurons. [7] 

The fourth model I used was an ADA boost classifier. The ADA boost classifier consists of a series of smaller 
models that were trained one by one. For each model, the training data points that were classified incorrectly by the 
previous model are weighted more heavily during the training process. The overall model is an ensemble of all the 
smaller models. The smaller models are weighted based on their accuracy during the training process. [8] 

The final model I used was a support vector classification. This model treats the data as a n dimensional 
vector, where n is the number of data points in the input. During the training process, the model tries to find a n-1 
dimensional structure in the space of possible vector values so that the distance between the two categories is maxim-
ized.  [9] 

The next thing I did was change hyperparameters for the MLP, since it seemed to be the most promising 
model. [10] I changed the number of layers in the MLP and tested 3 layers up to 10 layers, while keeping the number 
of neurons in each hidden layer (All layers except the first and the last) at 100. Then I changed the number of neurons 
of each layer and tested the models. The numbers of neurons I tested were the multiples of 20 from 40 to 160. I tested 
both 3 and 4 hidden layers because too many layers, especially for a small dataset size, might lead to overfitting. To 
reduce random error, I trained three independent copies of the model for each set of hyperparameters I was testing. I 
wanted to see which configuration led to the greatest accuracy, so I plotted the accuracy scores for each against the 
number of layers and the number of neurons in each hidden layer to see the overall pattern. 
 

Results and Discussion 
 
To test each model, the model was used to classify each data point in the test set, and the predicted categories were 
compared with the actual categories to get the metrics. 

The main metrics I used were accuracy, precision, recall, and F1-score. Accuracy is the proportion of data 
points that the model classified correctly. Precision is, among the data points that were classified as positive (with 
ASD), the proportion of these data points that are truly positive. Recall is, among the data points that are truly positive, 
the proportion of these data points that were classified as positive. F1-score is the harmonic mean of the precision and 
recall scores, or the reciprocal of the average of the reciprocals of the precision and recall scores. As shown in Figure 
1, the multiple MLPs and logistic regression appear to perform similarly and best by accuracy and F1 score. [11] 
 

 Accuracy Precision Recall F1-score 

Random Forest 0.87 0.90 0.76, 0.83 

Multiple MLPs 0.88 0.95 0.76 0.84 

Ada Boost 0.78 0.7 0.84 0.76 

SVC 0.82 0.75 0.84 0.79 
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Logistic 
Regression 

0.88 0.91 0.8 0.85 

 
Figure 1. The metrics for the different models. Each row corresponds to a model type and each column corresponds 
to one of the four metrics. 
 

 
 
Figure 2. MLP test accuracy versus the hyperparameters. For panel 2a, the horizontal axis is the number of layers. 
For panels 2b and 2c, the horizontal axis is the number of layers. Each size of the hidden layers was tested three times 
to reduce random effects; we plot the mean accuracy. 
 

As shown in Figure 2, the MLP accuracy peaked at five layers, but the number of iterations required to train 
the model also increased. At higher numbers of layers, overfitting might occur, which is when the model is too specific 
for the values within the dataset and forgets about global patterns, which reduces accuracy. 

The second hyperparameter I tuned was the size of the hidden layers. For an MLP with 3 layers, the accuracy 
peaks at 0.9 at 120 neurons per hidden layer. For a MLP with 4 layers, the accuracy peaks at 0.9 at 80 neurons per 
hidden layer. The main reason why the accuracy decreases at high hidden layer sizes is due to overfitting. These results 
are significant because of the high accuracy. While the models described by Chistol et al. (2024) had accuracy scores 
that peaked at 78%, most models we tested had an accuracy score in the range of 80-90%, and even Ada boost–my 
worst model–had the same accuracy score as k-Nearest Neighbors, their best model. [2] When changing the hyperpa-
rameters, higher accuracy scores were observed, including accuracy scores of at least 90%. This shows that word-2-
vec is a much better preprocessing method than n-grams, at least for this small dataset. 
 

Conclusion 
 
Logistic regression and multilayer perceptrons are effective methods of predicting autism of toddlers from text seg-
ments given by the caregiver. We took a dataset of text responses of caregivers to questions that describe a child's 
behavior, and trained different kinds of models on the data, while also changing some hyperparameters. The two most 
promising models were linear regression and multilayer perceptrons. I believe that my model had a high accuracy 
because the method of preprocessing, word-2-vec, is able to extract the absolute meaning of the text, which increases 
the amount of data received by the neural network. In previous research, a lot of data is lost in the preprocessing step 
because the preprocessing method is unable to account for similarities in the word meanings. 
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Some next steps would be to preprocess data using BERT, or any other large language model that can convert 
a whole sentence into a vector representation. This would allow the neural network to access information about the 
word order within each text segment. In addition, all the responses for a given toddler can be used and converted into 
a single vector to increase the amount of information given to the machine learning model. Another next step is to 
increase the dataset size. I can potentially interview more parents and caregivers of toddlers who may or may not have 
autism. If fully supervised learning is to be used, I would then need to wait multiple years for the toddlers to be 
diagnosed with autism. On the other hand, semi-supervised learning can be used, where the model can use a limited 
amount of labeled data along with a larger amount of unlabeled data to categorize data points. 

My model has immediate practical implications. For example, parents of toddlers may be asked several ques-
tions about their toddler's behavior, and my model can predict if the toddler has autism. The model cannot predict 
autism with certainty, but the results can still be used for pre-screening, where toddlers who are predicted as likely to 
have autism may be identified for further screening. 
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