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It’s all about Interactions 

• Chemistry:
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The concept of "interaction" has been construed in 

many ways through different scientific fields. • Protein-Protein Interaction:

1) Kai Zhang and Huichun Zhang, ACS ES&T Water

2) Kangueane, P., Nilofer,C. (2018). Principles of Protein-Protein Interaction.
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Dynamical metal-metal recurrence interaction



Toxicological Interaction

1) Rodea-Palomares, Ismael, Miguel González-Pleiter, Keila Martín-Betancor, Roberto Rosal, and Francisca Fernández-Piñas. 2015.

2) Bhagwan Yadav, Krister Wennerberg, Tero Aittokallio, Jing Tang, 2015
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• Interactions are individualized

• Interactions only happen when the concentrations are 

beyond or below some thresholds 



Something out of Nothing ? 
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The need for an autism likelihood stratification 
model
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• Autism is now diagnosed in approximately 1 to 3% of all children in most mid to high-

income countries.

• Due to increasing referral rates and persistent shortages in clinicians specializing in autism 

diagnosis, wait times for autism diagnostic assessment may be months to years.

• As a result, the median age of diagnosis in the US and other nations remains over 4 years, 

hindering timely intervention. 

• When considering children referred from general paediatricians for autism evaluation by 

specialists, a significant proportion of children do not ultimately get diagnosed with autism, 

but all children undergo lengthy behavioural assessments that place demands on clinician 

time.
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Using noninvasively collected hair strands, we devise and describe a novel machine-learning-

driven two-stage triage approach that leverages the time-varying biodynamics of elemental 

intensities to stratify the likelihood of autism. 

The need for an autism likelihood stratification 
model



10

Hair-based Elemental Intensity Data

How Did This Family End Up Back 

in a Toxic House?

https://www.nytimes.com/interacti

ve/2025/12/29/us/insurers-smoke-

damaged-homes-toxins.html

https://www.nytimes.com/interactive/2025/12/29/us/insurers-smoke-damaged-homes-toxins.html
https://www.nytimes.com/interactive/2025/12/29/us/insurers-smoke-damaged-homes-toxins.html
https://www.nytimes.com/interactive/2025/12/29/us/insurers-smoke-damaged-homes-toxins.html
https://www.nytimes.com/interactive/2025/12/29/us/insurers-smoke-damaged-homes-toxins.html
https://www.nytimes.com/interactive/2025/12/29/us/insurers-smoke-damaged-homes-toxins.html
https://www.nytimes.com/interactive/2025/12/29/us/insurers-smoke-damaged-homes-toxins.html
https://www.nytimes.com/interactive/2025/12/29/us/insurers-smoke-damaged-homes-toxins.html
https://www.nytimes.com/interactive/2025/12/29/us/insurers-smoke-damaged-homes-toxins.html
https://www.nytimes.com/interactive/2025/12/29/us/insurers-smoke-damaged-homes-toxins.html
https://www.nytimes.com/interactive/2025/12/29/us/insurers-smoke-damaged-homes-toxins.html
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• Single hair strands from each participant were washed to remove 

surface contaminants in a solution of 1% Triton X-100 and 

ultrapure water using sonication for 1 minute. Hairs were then 

rinsed with ultrapure water to remove the surfactant and dried in an 

oven at 60 °C overnight. 

• Elemental analysis of the hair strands was performed using a laser 

ablation (LA) system equipped with a 193 nm excimer laser 

coupled to an inductively coupled plasma-mass spectrometer (8900 

triple quadrupole ICP-MS)

• To correct for hair-density/ablation variability and instrumental 

drift, we applied pointwise sulfur (S) normalization. 

• At each time point, we computed the ratio of the element count to 

the Sulfur count (e.g., Cu/S). Sulfur itself was not normalized. 

Downstream feature extraction and modeling were carried out 

using 12 elements: magnesium (Mg), phosphorus (P), calcium (Ca), 

copper (Cu), zinc (Zn), strontium (Sr), barium (Ba), lead (Pb), 

lithium (Li), manganese (Mn), Arsenic (As), and Sulphur (S).

Hair-based Elemental Intensity Data
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❑ CHARGE (California, US, n=825, Autism=164, non-autism=661)

 Female, n(%) : 189 (22.91%)

❑ MARBLES (California, US, n=287, Autism=66, non-autism=221)

 Female, n(%) : 127 (44.3%)

❑ RATSS (Sweden, n=306, Autism=70, non-autism=236)

Female, n(%) : 136 (44.44%)

❑ SEAVER (New York City, US, n=39, Autism=21, non-autism=18)

Female, n(%) : 14 (35.90%)

❑ Mexico (Mexico City, n=46, Autism=33, non-autism=13)

Female, n(%) : 12 (26.09%)

❑ PRISM (New York City, US, n=84, Autism=0, non-autism=84)

Female, n(%) : 33 (39.29%)

❑ JECS (Japan, n=110, Autism=0, non-autism=110)

Female, n(%) : 55 (50%)

Overall schematic of cohorts used in the study 
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The combined sample (N = 1697) used in 

this analysis was collected from diverse 

study populations across multiple 

countries, including the United States, 

Sweden, Mexico, and Japan

Overall schematic of cohorts used in the study 
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Elemental Biodynamics, a marker for dysregulation 
in homeostasis

• Many biological processes (e.g., sleep patterns) 

have temporal biodynamic rhythms.

• Since elemental homeostasis is tightly 

controlled by stable regulatory mechanisms that 

respond to environmental signals, we 

hypothesize that the longitudinal dynamic 

patterns of elemental intensities (referred to as 

elemental biodynamics) may serve as a marker 

of homeostatic alterations. 

• Delineating such measures of elemental 

homeostasis may serve as a predictor of 

disease/disorder. 

 
Midya, V., Bello, G., Andrew, A. S., Re, D. B., Stommel, E. W., & Arora, M. (2025). 

Dysregulation of hair-strand-based elemental biodynamics in amyotrophic lateral 

sclerosis. Lancet Ebiomedicine, 119.
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Features of Biodynamics
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❑ 8 feature extraction techniques to characterize various aspects of the temporality:

• Cross-recurrence quantification analysis (CRQA), which quantifies rhythmicity and 

synchronicity of elemental time series

• Entropy and complexity measures (Entropy-Complexity, Multiscale Cross-Entropy) 

that quantify irregularity and unpredictability in time series 

• Causal network centrality (which assesses the structural importance of each element 

within a network inferred from inter-element relationships)

• Distributional features (Summary Statistics), and methods that quantify features of 

temporality (Catch22, TSFEL)

Features of Biodynamics
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Illustration of interaction networks created using 

time-series network analysis between a sample with 

and without autism in our validation dataset, showing 

differences in connectivity among elements. Note that 

an edge between elements indicates a significant 

association (corrected for false discoveries at a 

significance level of 0.05) regardless of direction or 

strength. An edge in black indicates edges that exist 

in both the autism and non-autism samples; blue 

indicates edges that exist only in the autism sample; 

and red indicates edges that exist only in the non-

autism sample.

Illustration with Centrality-based time-series Network



Midya, Vishal, Cecilia Sara Alcala, …., Chris Gennings, Maria J. Rosa, and Damaskini Valvi. "Machine learning 

assisted discovery of interactions between pesticides, phthalates, phenols, and trace elements in child 

neurodevelopment." Environmental Science & Technology 57, no. 46 (2023): 18139-18150.

Midya, Vishal, and Chris Gennings. "Detecting Shape-Based Interactions Among Environmental Chemicals Using 

an Ensemble of Exposure-Mixture Regression and Interpretable Machine Learning Tools." Statistics in 

Biosciences (2023): 1-21.

Need for tree-based models

Midya, V., Nagdeo, K., Lane, J. M., Torres-Olascoaga, L. A., Martínez, G. G., Horton, M. K., ... & Eggers, S. (2024). 

Akkermansia muciniphila attenuates association between specific metal exposures during pregnancy and 

depressive symptoms in late childhood. iScience, 27(12).
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The figure presents an overview of 

(1) . The temporality of elemental intensities from a 

hair strand, and our modeling approach.

(2A) denotes the training phase where models were 

trained using data from the RATSS cohort 

(Sweden),

(2B) denotes the stacking phases in which the 

chosen models were stacked based on the CHARGE 

& MARBLES cohorts (California, USA); 

(2C-2D) denotes the validation phase, where the 

final model is tested on multiple cohorts; once the 

models are finalized and tested on multiple cohorts, 

threshold tuning is performed.  

ET: Extra Trees Classifier. AUCtr: training AUC

Modelling Schema
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Results: Predictions



21



• SHAP (SHapley Additive exPlanations) analyses of both the Stage 1 and Stage 2 meta-learners on the 

stacking set indicated distributed contributions rather than reliance on any single base model.

• In females, the highest-weighted contributors were Li-Zn and Li-Ba biodynamics (based on 

elemental network centrality features). 

• In males, contributions were particularly diffuse, with prominent pairs such as P-Ba (using multiscale 

cross-entropy features), Mg-Cu, and, particularly for the Stage 1 meta-learner, Mg-Zn (using 

Catch22 features).

This suggests that the discriminative signal for autism is distributed across multiple dynamical 

representations and multiple inter-element relationships. 
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Results: Feature Interpretations
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Concluding Remarks

• We introduce a novel biochemical hair-based machine-learning tool designed to stratify autism 

probability in children as young as one month. 

• In our proof-of-concept results from multiple populations, the likelihood stratification tool 

achieved a high sensitivity of 96% in stratifying non-autism controls as low probability, whereas 

the second-stage model achieved a specificity of 90% in identifying a high-probability group 

among participants not triaged as low probability. 

• Because this biochemical stratification tool can be implemented in the first year of life, it can 

also reduce the age at initiation of therapy, which has been shown to have greater benefits when 

started earlier. 
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