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AIM

Our aim is to establish a novel method to generate 

counterfactuals to help diabetes patients avoid 

hyperglycemic events beforehand. 

Properties of the counterfactual suggestions

The generated counterfactuals (XT
*) must have the 

following properties:

• Interventional: XT
* must change the class of the initial 

prediction f(XT) from an abnormal class to the normal 

class

• Minimal: The counterfactual suggestion XT
* must be 

minimally distant from the original hyperglycemic 

sample

• Realistic: The counterfactuals XT
* must follow the 

original data manifold and must not make unrealistic 

suggestions

• Partial: XT
* must reflect user preferences to keep 

some features unchanged

INTRODUCTION

Maintaining normal blood glucose levels through lifestyle

behaviors is central to good health and disease

prevention. Frequent exposure to dysglycemia (i.e.,

abnormal glucose events like hyperlycemia and

hypoglycemia) leads to chronic complications. Therefore,

a tool capable of predicting dysglycemia and offering

users actionable feedback about how to make changes in

their diet, exercise, and medication to prevent abnormal

glycemic events could have significant societal impacts.

We propose GlyCoach, a novel framework for generating

counterfactual explanations that can provide insights into

why a model made a particular prediction by generating

hypothetical instances that are similar to the original input

but lead to a different prediction outcome.

GlyCoach can preserve user preferences for keeping

some features unchanged and making the technology

more user friendly and realistic.

With 87% sensitivity in the simulation-aided validation,

GlyCoach surpasses the state-of-the-art techniques for

generating counterfactual explanations by at least 10%.

Besides, counterfactuals from GlyCoach exhibit a 32%

improved proximity compared to previous research.

METHOD

Accessing the decision boundary

• Defining the decision boundary is a challenging task. We produce adversarial borderline instances to get access to the 

decision boundary. 

• We tweak the basic autoencoder by modifying its loss function to produce critical instances right along the decision 

boundary.

• The algorithm is followed by a bisection method to add refinement to the produced critical samples.

Modified loss functions of the autoencoders

Two types of interventions

• Minimal intervention- uses nearest neighbor

(identifies the solution with minimal change)

• Constrained intervention- uses grid search

(identifies the solution that reflects user preferences)

RESULTS

Visualizing the decision boundary

CONCLUSIONS

GlyCoach has enormous potential in digital health and 

chronic disease management. Developing an AI driven 

intervention is hard, however, deploying it in real world 

settings is even harder. The main limitation of GlyCoach

is the lack of validation through user studies resulting in 

uncertain performance in a clinical setting. Therefore, the 

next steps for GlyCoach involve creating a mobile app for 

it and validating its performance through user studies and 

gather expert/user opinions to understand what they think 

about this technology and its performance.

Datasets

Nutrition Absorption

• 4 participants, 167 meal records, supplemented with 

artificial data

• Postprandial Glycemic responses were recorded using 

a CGM

• Dataset contains meal macronutrients (carb, fat, fiber), 

insulin dose, last insulin intake time, glycemic 

responses of all participants

• Task: How the user needs to modify his behavior/food 

intake to stay normoglycemic

OhioT1DM

• 12 Type 1 diabetes patients, monitored for 8 weeks

• Self reported CHO amount, sleep hours, exercise and 

work intensity

• Heart rate, skin response (GSR), acceleration, skin 

temperature were recorded on Empatica wristband

• Participants wore Medtronic 530G/630G insulin pumps 

and Medtronic Enlite CGM that transmits blood 

glucose level every 5 minutes

• 44 days for training and 12 days for testing
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