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Predictive modelling and machine learning in psychiatry

Machine learning (ML) is a growing field, commonly referenced in biological psychiatry,
where there is an increasing focus on generalizability (1). ML is defined by the use of algorithms
to learn patterns in training data, which can be leveraged for automated decision-making on
unseen data (2). There are several important decision points in choosing which algorithm suits
your needs. Some of these decisions may include whether to use a supervised or unsupervised
algorithm, using a regression or classification framework, and how complex a model to use.

These decisions can be influenced by whether you wish to use the algorithm for
explanation or prediction. Unsupervised methods (in which patterns are learned from unlabeled
data—performing a clustering analysis to determine the number of subtypes in a dataset, for
instance) can help to uncover previously unknown relationships in your dataset. However, if one
then uses the relationship to automate a decision or predict an outcome, the approach falls within
predictive modelling. Broadly speaking, one can be thought of having a predictive approach if
you are building a model that can estimate a variable of interest from unseen data, whereas
explanatory analyses often focus on deriving causal links, focusing more on interpretation than
model performance (3). Many neuroimaging ML applications involve both predictive and
explanatory aspects and they can be complementary (4).

This paper has focused on predictive approaches in autism, which rely on supervised
algorithms. Supervised approaches (in which data labels are known) can be used to leverage
existing data for prediction of categorical variables using a classification approach (autism
diagnosis in case-control studies) or prediction of continuous variables using regression (autism-
related phenotypes in dimensional studies). One of the benefits of supervised is using priors pre-
generated from previous studies. These priors can help ensure that models are less likely to
overfit your dataset, due to added (favorable) bias and reduced variance (i.e., bias-variance
tradeoff) (5). The downside is that these priors might not fit the dataset well, and you may miss
some unique and useful information in the dataset leading to an underfit model which does not
perform well enough.

Returning to unsupervised approaches, these methods tend to be more well-suited to
explanatory analyses. However, they can still be used as part of a predictive framework. Two
prominent types of unsupervised algorithms are clustering and association. Clustering is
analogous to classification in that it tends to produce a categorical output (subtyping of autism),
while association is analogous to regression (new dimensions of brain variation), as it produces a
dimensional output, along which the relationship is continually varying. Unsupervised models
can benefit from a lack of bias, as they work with less stringent priors than supervised methods,
and can uncover previously unknown relationships in the dataset. However, the lack of bias can
also lead to increased variance in the estimated model parameters across different datasets,
resulting in overfit models which capture more noise than signal. For a more in-depth discussion
of issues associated with supervised and unsupervised learning in fMRI, see Khosla et al. (6).



Another important factor in model selection is model complexity. Simpler models may
miss complex relationships in the data but can yield much more interpretable parameters. This
may be important in the context of gaining biological insight. On the other hand, if the
underlying biological relationships are of less concern, and one wishes to derive a model with the
best possible performance (i.e. for accurate diagnosis of autism status), one could opt for a more
complex algorithm. Complex algorithms tend to perform better on unseen data due to their
capacity to capture complex patterns, but can hinder interpretability, (see Figure 1 of Bzdok et al.
(7). The complexity of the model can also impact generalizability, as complex models are more
likely to overfit a dataset due to the increased number of parameters that can be optimized. The
balance of complexity and interpretability is a key consideration in selecting an algorithm for
predictive modelling in functional neuroimaging.

The ethics of predictive modelling in autism

The use and implementation of predictive models to diagnose autism requires careful
ethical consideration (8). Recent research has revealed that brain-based changes in autism
precede the development of behavioral symptoms (9), which has ushered in the creation of
predictive models to forecast diagnosis before the emergence of symptoms. Moreover, it may
become possible to identify the likelihood of autism in utero. These studies open the possibility
for pre-symptomatic intervention, which could potentially alter developmental trajectories
sufficiently to prevent the development of autism (9). However, in these scenarios, several
ethical matters should be considered.

Autism is an extremely heterogeneous condition with a complex phenotype. Individuals
with autism can range from having profound difficulties and disabilities to being highly
successful and independent. Autism can manifest with significant intellectual difficulties with no
or minimal functional language capabilities or with extremely high intelligence and highly
articulate language capacities. However, our current predictive models are not able to identify
which infants will develop which phenotype later in life. Further, neurodevelopment in the
perinatal period has tremendous plasticity, and it is likely that autism emerges as a sequala of
numerous genetic and environmental effects acting in concert (10). Therefore, there is risk for
inaccuracy and imprecision in models that could have devastating effects on families.

Additionally, infants who are identified with a high likelihood of developing autism
through MRI or other tools incorporated into predictive models will not yet have developed the
core features of autism. Thus, existing interventions that focus on addressing autism-associated
difficulties would not yet be suitable for this population and new interventions would need to be
developed (9). This raises the question: is earlier diagnosis beneficial if it is not possible to
provide support services? Current guidelines for newborn screening for other disorders, such as
phenylketonuria and hypothyroidism, suggest that a diagnosis should only be made if there is a
known and accepted treatment (11). When applying these principles to predictive models for
early identification of autism, a key difference arises. While pre-symptomatic interventions do
not currently exist for autism and it will initially be unlikely to begin intervention as soon as a
diagnosis is made, during this initial period the infants’ development can be carefully tracked
and existing early intervention services can be provided to optimize developmental outcomes,
until new interventions can be developed.

In addition, for many individuals with a diagnosis, autism is a core tenet of their identity
and being “atypical” does not equate to impairment. The neurodiversity movement maintains



that autism should be conceptualized as a difference rather than a disability (12). Some have
contended that efforts to predict and prevent development of autism are attempts to eliminate
neurodiversity (13, 14). Further, rather than focusing on early childhood diagnostic tools, many
adults with autism would prefer research funding to be directed towards programs and services
for individuals living with autism (15). However, the goal of pre-symptomatic intervention is not
to eliminate neurodiversity, but rather to provide opportunities to achieve developmental
milestones that are critical for subsequent adaptive functioning and independence (9).

Some issues for consideration with dense scanning and prediction in autism

An approach that has proven useful in neurotypical young adults is dense scanning (16-
18), in which the same individuals are scanned many times. Such studies have led to exciting
insights, including the fact that participants exhibit remarkable stability of individual-specific
networks (16) and such individualized networks exhibit brain state-dependent organization (19).
Using a dense scanning paradigm and prediction-based approaches could similarly inform our
understanding of autism neurobiology and symptom expression. For example, do models
generalize to predict fluctuations in individual patients over time, as has been shown in attention
(20)? The large amounts of data from dense-scanning studies have been used to obtain
exquisitely detailed areal parcellations within individual participants (e.g., (16)). Would similar
participant-specific parcellations help increase the utility of dimensional predictions in autism?
Could these large amounts of scanning data be combined with other data types to better subtype
individuals with autism and construct more specific clinical models?

A major hurdle that has to be overcome if dense scanning studies are to be conducted is
ensuring the data are of high quality, as participants with autism can be difficult to scan (21).
Another barrier is determining whom to scan—given the heterogeneity of autism, what type of
symptom profile will allow the research community to draw generalizable conclusions? Should
we aim for a broad array of individuals (22), or should we instead focus on a single symptom
dimension? Based on the work of Byrge and Kennedy (23), more data per participant reduced
classification accuracy of autism status to around chance levels. Thus, large numbers of
participants are possibly needed in dense scanning studies to achieve discriminative utility. What
does this mean for predictive modelling studies--how many participants do we need to densely
scan to help us build useful models, and is this feasible?

Furthermore, what sort of scanning data should we collect—simply resting-state scans or
a variety of task-based scans covering as many aspects of the Research Domain Criteria (RDoC)
matrix as possible? How do we motivate participation? Would an individual with autism be open
to weekly scans over the course of a year, if they stand to gain little beyond financial
compensation?

Supplemental References

1. Bzdok D, Meyer-Lindenberg A (2018): Machine Learning for Precision Psychiatry:
Opportunities and Challenges. Biol Psychiatry Cogn Neurosci Neuroimaging. 3:223-230.

2. Hastie T TR, Friedman J (2001): The Elements of Statistical Learning. New York, NY,
USA: Springer

3. Shmueli G (2010): To Explain or to Predict? Stat Sci. 25:289-310.



4. Rosenberg MD, Casey BJ, Holmes AJ (2018): Prediction complements explanation in
understanding the developing brain. Nat Commun. 9.

5. Belkin M, Hsu D, Ma S, Mandal S (2019): Reconciling modern machine-learning
practice and the classical bias-variance trade-off. Proc Natl Acad Sci U S A. 116:15849-15854.
6. Khosla M, Jamison K, Ngo GH, Kuceyeski A, Sabuncu MR (2019): Machine learning in
resting-state fMRI analysis. Magn Reson Imaging. 64:101-121.

7. Bzdok D, Ioannidis JPA (2019): Exploration, Inference, and Prediction in Neuroscience
and Biomedicine. Trends Neurosci. 42:251-262.

8. MacDuffie KE, Estes AM, Peay HL, Pruett JR, Jr., Wilfond BS (2021): The Ethics of
Predicting Autism Spectrum Disorder in Infancy. J Am Acad Child Adolesc Psychiatry. 60:942-
945.

0. Wolff JJ, Piven J (2021): Predicting Autism in Infancy. J Am Acad Child Adolesc
Psychiatry. 60:958-967.

10.  Kim YS, Leventhal BL (2015): Genetic epidemiology and insights into interactive
genetic and environmental effects in autism spectrum disorders. Bio/ Psychiatry. 77:66-74.

11.  Wilson JM, Jungner YG (1968): [Principles and practice of mass screening for disease].
Bol Oficina Sanit Panam. 65:281-393.

12. Walsh P, Elsabbagh M, Bolton P, Singh I (2011): In search of biomarkers for autism:
scientific, social and ethical challenges. Nat Rev Neurosci. 12:603-612.

13.  Evans M (2020): The Autistic Genocide Clock. Autistic Community and the
Neurodiversity Movement: Stories from the Frontline.123-132.

14. S S (2015): Neurotribes: The legacy of autism and the future of neurodiversity. New
York, NY, USA: Penguin Random House.

15.  Pellicano E, Dinsmore A, Charman T (2014): What should autism research focus upon?
Community views and priorities from the United Kingdom. Autism. 18:756-770.

16. Gordon EM, Laumann TO, Gilmore AW, Newbold DJ, Greene DJ, Berg 1J, et al. (2017):
Precision Functional Mapping of Individual Human Brains. Neuron. 95:791-807 ¢797.

17. Newbold DJ, Laumann TO, Hoyt CR, Hampton JM, Montez DF, Raut RV, et al. (2020):
Plasticity and Spontaneous Activity Pulses in Disused Human Brain Circuits. Neuron. 107:580-
589 e586.

18. Poldrack RA, Laumann TO, Koyejo O, Gregory B, Hover A, Chen MY, et al. (2015):
Long-term neural and physiological phenotyping of a single human. Nat Commun. 6:8885.

19. Salehi M, Greene AS, Karbasi A, Shen X, Scheinost D, Constable RT (2020): There is no
single functional atlas even for a single individual: Functional parcel definitions change with
task. Neuroimage. 208:116366.

20. Rosenberg MD, Scheinost D, Greene AS, Avery EW, Kwon YH, Finn ES, et al. (2020):
Functional connectivity predicts changes in attention observed across minutes, days, and months.
Proc Natl Acad Sci U S A. 117:3797-3807.

21. Yerys BE, Jankowski KF, Shook D, Rosenberger LR, Barnes KA, Berl MM, et al.
(2009): The fMRI success rate of children and adolescents: typical development, epilepsy,
attention deficit/hyperactivity disorder, and autism spectrum disorders. Hum Brain Mapp.
30:3426-3435.

22. Lombardo MV, Lai MC, Baron-Cohen S (2019): Big data approaches to decomposing
heterogeneity across the autism spectrum. Mol Psychiatr. 24:1435-1450.

23. Byrge L, Kennedy DP (2020): Accurate prediction of individual subject identity and task,
but not autism diagnosis, from functional connectomes. Hum Brain Mapp. 41:2249-2262.



