
Building Machine Learning Weight Prediction Models Using a Binarized Weight Loss and Time Horizon Grid 

and Optuna Optimiation to Predict Weight Loss at Different Time Intervals 

Accurately predicting patient weight trajectories is critical for delivering

effective health management and targeted interventions.1-6 This study

aimed to predict binary weight-loss outcomes for patients using a

comprehensive dataset – including glucose values from continuous glucose

monitors (CGM), diet, exercise, medication, blood pressure, and steps –

from digital health platform. We evaluated predictions at six forecast

horizons, which ranged from 15 days to 90 days from an observation

window, in 15-day increments. These horizons were tested against six

binary weight-loss thresholds (greater than 2%, 4%, 6%, 8%, 10%, and

12%), resulting in a total of 36 distinct binary labels.

We also aimed to use Optuna, an open-source, python-based

hyperparameter optimization framework designed to automate and

accelerate the tuning of machine learning models. It utilizes efficient

Bayesian optimization (TPE algorithms) to find optimal parameters faster

than grid or random search, featuring dynamic search spaces, easy

parallelization, and automatic pruning of unpromising trials with data sets.

Additionally, we evaluated the accuracy of our predictive models with

varying levels of Optuna optimization for an XGBoost model.
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RESULTSBACKGROUND AND AIMS

Table 1:

MATERIALS AND METHODS

We analyzed raw data from approximately 194,000 patients, applying a

"WeightFocus" filter to isolate active weight-trackers who had at least five

distinct weight-measurement days. This filtering resulted in a final cohort

of 80,392 patients and 455,157 case rows. For feature engineering, we

extracted 39 feature categories yielding roughly 208 sub-features per

case, incorporating historical weight lookbacks, diet, exercise,

medication, steps, sleep, demographics, and continuous glucose

monitoring (CGM) statistics. Because the vast majority of the cohort

(92.8%) had no glucose data and only 0.7% utilized CGM devices, we

employed an XGBoost algorithm capable of handling missing values

natively. We utilized an MLMultiLabelPredictor framework with Optuna for

Bayesian hyperparameter optimization, running 5 trials per label. For

each horizon, the dataset was split into 80% for training and 20% for

testing, ensuring no patient overlap between the splits. Four stages of the

data pipeline, as described above, is summarized in Figure 1 below.

Figure 1:

The multi-label XGBoost model can effectively predict and rank patient weight-loss risk, with performance highest

at shorter horizons and stricter weight-loss thresholds. While the current baseline model (v0001) successfully

handles sparse glucose data, its F1 scores are limited by class imbalance and a constrained hyperparameter

search budget of only 5 trials. Future model iterations (v0002) will address these limitations by increasing Optuna

trials to 50 per label to improve AUC and F1 scores, alongside implementing in-patient and out-patient data splits

and additional evaluation metrics designed to reduce false positive predictions.

Table 1 below showcases the results. For The models demonstrated strong discriminative power across all

combinations, successfully ranking patients by their weight-loss risk. All 36 label-and-horizon combinations

exceeded an Area Under the Receiver Operating Characteristic Curve (AUC) of 0.71, achieving an average AUC

of 0.818. We found that shorter forecast horizons were significantly more predictable; the 15-day (0.5 month)

horizon averaged an AUC of 0.855, compared to 0.788 for the 90-day (3 month) horizon. Furthermore, stricter

weight-loss thresholds yielded clearer predictive signals, with the >12% loss threshold averaging an AUC of 0.876

versus 0.750 for the >2% threshold. F1 scores were moderate, ranging from 0.28 to 0.72. This was expected due

to significant class imbalance, as large percentage weight losses are rare events (for example, the positive rate

for >12% weight loss at 30 days was <0.5%)
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