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• Existing methods for diagnosing various forms of developmental 
delay (DD) in young children are both lengthy and costly

• Diagnosis often requires that a trained professional evaluate ~100 
behaviors over several hours of personal interaction with the child1

• Detecting DD in the developing world, with scarce resources, is 
especially difficult, creating an unmet need of scalable diagnostics

• Recent work has demonstrated that a crowd of raters with minimal 
training can perform comparably to a clinical professional by 
viewing a short home video of the child and answering ~30 qn’s1. 

• Collected 159 short home videos (~3 minutes each) of Bangladeshi 
children, many with stunting/high risk for DD

• Six American raters with minimal training gave responses to 30 
different questions about each child in a subset of the videos.

• Split the dataset into a training set (114 videos), and test set (45 
videos), each with approximately equal balances of children with 
typical development, Autism Spectrum Disorder (ASD), and 
speech/language conditions (SLC) distinct from ASD.

• Train set had:
• 40 children with ASD (mean age = 2 yr 4 mo, SD age = 7 mo)
• 35 children with SLC (mean age = 2 yr 1 mo, SD age = 6 mo)
• 39 children with no DD (mean age = 2 yr 6 mo, SD age = 6 mo)

• Test set had:
• 15 children with ASD (mean age = 2 yr 5 mo, SD age = 7 mo)
• 15 children with SLC (mean age = 2 yr 1 mo, SD age = 5 mo)
• 15 children with no DD (mean age = 2 yr 4 mo, SD age = 6 mo)

• For each rater, trained two types of models (Logistic Regression, 
Random Forest2) based on the videos that they rated in two stages

• Stage 1: Train a classifier to predict no DD vs. DD
• Stage 2: Train a classifier to predict ASD vs. SLC

• Used innovative weighting scheme to ensemble raters’ models:

• Logistic regression ensemble achieved stage 1 accuracy of 69%, stage 2 accuracy of 73%, overall accuracy 42%

• Random forest ensemble achieved stage 1 accuracy of 78%, stage 2 accuracy of 79%, overall accuracy of 67%

• Calculating feature importance ranks for random forest ensemble reveals underlying focus of the successful model:

• We used hyperopt, a python library for hyperparameter 
optimization, to automate the model tuning process3

• Hyperopt utilizes Sequential Model-Based Optimization (SMBO) 
with a Tree-structured Parzen Estimator (TPE) to maximize 
Expected Improvement (EI)4

• At each step, constructs surrogate of objective, illustrated here5:
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• These findings demonstrate the potential utility of 
cross-cultural and cross-linguistic video annotation for scalable 
early detection and diagnosis of developmental delays in the 
developing world

• Future work includes:
• Instead of imputing before training the model, use a model that 

can implicitly handle missing values (i.e. tree models, XGBoost6)
• Try first inferring the “true” annotations for each video, then 

build a single model off of that. 
• Try different weighting schemes, i.e. instead of “boost” in 

accuracy, try using RMSE from a gold-standard rater


