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The classification model achieves high predictive accuracy,
vielding F1 scores of 97% for supine, 94% for prone, and 90% for

using machine learning approach sitting-front positions
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The semi-continuous classification model is being optimised on
Objective novel tasks (books, rattles) with the human-in-the-loop
approach.

Build a research tool that automatically identifies
infants’ body positions from experimental data.
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A ANALYSIS: POSITION TRANSITIONS

BOOKS MANIPULATIVE RATTLES

@ RESULTS: REAL VS PREDICTED TIME
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Figure 5. Comparative postural transition dynamics across tasks. Ribbon width represents the proportion of
transitions, weighted by either event frequency or temporal duration. Displays show primary transitions

Figure 4. Correlation between actual and predicted time spent in 10 positions, using the CatBoost model. between initial and subsequent postures, with states vertically aligned to facilitate structural comparison.
The x-axis represents the real percentage of time spent in each position, while the y-axis shows predicted Hands & knees Transition patterns reflect both task-specific motor exploration and methodological differences; notably,
values. Points closer to the line of best fit indicate more accurate predictions, with high values in positions discrepancies between frequency (Fig. 5A) and duration (Fig. 5B) highlight the distinction between transient
such as walking and supine demonstrating the models alignment with manual annotations in both books postural shifts and sustained motor engagement. While Manipulative tasks (manually annotated) show higher
and rattles datasets. The increased variance in supported positions highlights areas of higher predictive postural continuity, Books and Rattles (automated classification) exhibit more frequent transitions due to the
complexity. nature of the sliding-window segmentation.
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1. Duda-Gotawska, J., Rogowski, A, Laudanska, Z., Zygierewicz, J., & Tomalski, P. (2024). Identifying
Infant Body Position from Inertial Sensors with Machine Learning: Which Parometers Matter?
Sensors, 24(23), 7809.

2. CatBoost classifier, https://catboost.ai

3. Optuna https://optuna.org/

4. ELAN transcription software, https://archive.mpi.nl/tla/elan56. Ultralytics YOLO 11 model, https://
docs.ultralytics.com/models/yololl

« Improve the model's generalizability.

« Extract infant body keypoints from video recordings using a
YOLO model [5] to generate additional features.

« Compare the performance of the baseline and enhanced

models.
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