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Chapter 6: Ethical Considerations and Challenges 

 

iven the abundant application of machine learning in the health care industry, including 

neurodevelopmental disorders such as Autism Spectrum Disorder (ASD), it is imperative 

to have a closer look at the potential ethical implications. Primary among these are the 

important concerns of data privacy and confidentiality. Studies on ASD often need to access a 

large amount of very private personal information, ranging from medical records and genetic 

sequence data to extensive behavioral observations. These large-scale datasets are critical for 

training accurate and generalizable predictive models. However, their collection, secure storage, 

and careful analysis should be conducted in accordance with established privacy frameworks to 

minimize the risk of inappropriate use (e.g., the US Health Insurance Portability and 

Accountability Act [HIPAA], the European General Data Protection Regulation [GDPR]). The use 

of standard data platforms, which is crucial for accelerating research and facilitating collaboration, 

on the one hand, heightens the risk of data breaches and the likelihood of individual re-

identification on the other. As a result, science and technology professionals must incorporate 

robust security measures, such as sophisticated data anonymization, encryption systems, and 

access controls, to ensure that the personal information of individuals and their families is 

protected from unauthorized use or misuse. 
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Concerns related to the ethical use of predictive models in ASD care extend beyond questions 

about privacy and data security, and must also address one of the most widely levied criticisms 

about machine learning: algorithmic bias. Notably, machine learning models are a direct mirroring 

of the data they were trained on. Suppose a model is trained on data dominated by a particular 

demographic, such as wealthy children. In that case, it may not generalize well and, in fact, produce 

biased results when the same model is deployed to disparate populations, including girls, people 

of color, and disadvantaged communities. This inherent bias can exacerbate and even cause 

existing diagnostic and healthcare disparities. This risk can be minimized only through a 

coordinated worldwide effort to produce curated, diverse datasets that reflect the true range of 

human diversity. In addition, a fundamental commitment to transparency is required, in which the 

assumptions, limitations, and potential biases of models are carefully documented and widely 

disseminated to clinical operators and the public. The foundation and maintenance of trust among 

healthcare providers, patients, and the broader community will depend on how these ethical 

challenges are addressed proactively, informed by principles characteristic of equity, fairness, and 

inclusion. 

A second, and often neglected, ethical consideration is the risk of social and psychological harm. 

The use of predictive models, especially for early diagnosis, could result in hasty identification or 

stigma based solely on the prediction score. A prediction, however statistically sound the data 

behind it may be, is not a diagnosis and should never be taken as such. Receiving a high-risk score 

so young can cause unnecessary anxiety to parents, has an impact on the child’s educational and 

social world, and ultimately becomes a self-fulfilling prophecy. This is especially important when 

considering neurodiversity as a technology that flags difference as pathology, which can support 

a deficit-based paradigm. Ethical framework for predictive analytics. This is critical for 

maintaining good practice in two ways: first, because it is not right to rely solely on decision 

support tools like Predictive modeling techniques as a tool that should be used only to help doctors 

make the diagnosis. At the same time, respect the patient’s welfare (VanZandbergen et al., 1998), 

and secondly, we would absolutely want a preventive care system. Communication of model-

predicted risk to families should be approached with caution, stressing that such tools provide a 

probabilistic estimate for educational purposes only and do not replace the judgment of an 

experienced clinician. 

 
6.1 Challenges in Predicting ASD 

Although machine learning has the potential to revolutionize ASD diagnosis and care, significant 

challenges still exist that need to be systematically overcome to make clinical prediction models 

widely available. One major technical challenge is the longstanding issue of data quality and 

availability. ASD is a very diverse condition, characterized by broad heterogeneity of presentations 

and common comorbidities, which has implications for collecting uniform and complete 

information. Clinical notes are of key importance in medical studies. Still, they usually lack 
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structured formats and are, in many instances, incomplete or inconsistent (such noise may be 

misleading as confounders to the models). 

 

 
 

 

Additionally, research datasets are often small, which can lead to models that overfit and fail to 

generalize well to new patient populations. One key step in this direction is the establishment of 

large-scale, high-quality, and publicly available databases to facilitate data-driven research, such 

as the Autism Brain Imaging Data Exchange (ABIDE). However, these online collaborative tools 

also face challenges in unifying the data collection process among research institutions and in 

attracting equal participation from diverse populations. 

 

Another essential problem is the inherent limitations of most existing models, particularly their 

non-explanatory nature. Although machine learning has shown to excel at capturing complex 

associations and predictive structures, maintaining a simplified intuitive interpretability or 

explainability for its predictions is still challenging for most models, even (if not more) so when 

considering today’s often very complex deep neural network architectures. A model might be good 

at predicting if it’s an ASD case, but not be able to express what combination of traits informed 

that prediction. This lack of transparency poses a serious obstacle to clinical integration, as 

clinicians require clear and justifiable explanations for making accurate diagnoses and treatment 

decisions. A model that can only provide a "yes" or "no", without clear reasoning, is of limited 
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clinical value. Future works should therefore focus on the development of explainable AI (XAI) 

approaches, such as SHAP (SHapley Additive exPlanations) and LIME (Local Interpretable 

Model-agnostic Explanations), which should yield explicit and clinically interpretable information 

about how the model makes its decisions. It is therefore crucial to address these underlying 

technical and methodological issues to fully leverage the transformative potential of predictive 

models in ASD research and clinical care. 

 

Moreover, the multimodal data itself is complex to integrate. The study of ASD must be conducted 

in a holistic view that encompasses multiple sources of data (e.g., behavioral measures, genetic 

markers, and neuroimaging images). The combination of these disparate types of data, however, 

each likely to have its own kind of noise, format, and scale, is not a straightforward exercise. 

Models that attempt to handle these diverse data streams together face high computational 

overhead and may not have a straightforward way to consider down-weighting aspects of each 

data modality. For instance, does some level of behavioural deficit (i.e., due to a genetic variant) 

have more predictive value for an outcome, and how would a model incorporate this? New and 

improved fusion algorithms and neural network architectures that support smooth integration of 

these disparate data sources into a learning model are still an active area for investigation. 

 

Lastly, a significant obstacle is clinical validation and external validity. A model may have good 

performance on a clean, curated dataset, even if testing involves unknown patient populations and 

supporting systems. As a result of differences in patient populations, data collection techniques, 

and confounders, the model's performance may deteriorate when it is put into practice. For a 

predictive model to be considered clinically useful, its performance must also be validated using 

strict, prospective clinical trials that replicate the setting in which it will actually be used. This is 

a labor- and resource-intensive project, but one that needs to get done to prove the safety, efficacy, 

and trustworthiness of these techs. Until the models have been validated as robust and applicable 

to a range of clinical scenarios, they will continue to occupy a position in the research literature, 

but not as an effective diagnostic and therapeutic computational solution. 

 

  


