
Methods

Q: Did you attempt to develop an energy expenditure model from any of your other
measurements (e.g., EMG)? If so, could you comment on the performance?
A: We used a dataset including 6 EMG sensors, heart rate, pressure sensing insoles, and 5
inertial measurement units to first evaluate what signals were important for understanding the
energy expenditure of different activities. We found that the inertial measurement units had the
lowest error (~12%). The breakdown of all possible sensor pairings and the resulting error are
listed in detail in the paper.

Q: Joint angles, velocities and accelerations could be used for the energy expenditure.
Was this option investigated?
A: Joint angles, velocities, and accelerations are definitely informative, but harder to compute
without musculoskeletal modeling or different sets of sensors. We did not use this information in
our test.

Q: Do you essentially use the acceleration and angular speed data for the linear
regression modeling? Did you find consistent weighting across subjects?
A: Yes, the acceleration and angular speed data formatted as a function of gait cycle was used.
Many subjects were used to train one model, so we were unable to evaluate weighting by
subject.

Q: It seems the IMU can capture expenditure differences during quiet standing after
different conditions. Any insights about this interesting phenomenon?
A: We use a standard model from Mifflin, et al., for estimating resting metabolics based on
height, weight, age, and gender to estimate quiet standing metabolics when no motion is
detected.

Q: What is the time series of estimating energy cost as a function of the walking cycle
compared to what we expect from musculoskeletal modeling biomechanics?
A: Using gait cycle information allows time-invariant modeling. We can compress a longer
walking cycle or shorter running cycle into a fixed number of values to use in a fixed-size linear
regression model. Musculoskeletal models use muscle models to estimate energy expenditure
based on muscle activity and kinematics, which requires additional sensing and computation.
We compared estimating energy expenditure with an OpenSim musculoskeletal model to the
data-driven model in the supplementary figures of the paper.

Note, the accuracy of OpenSim for predicting cost can vary depending on the parameters that
are set (e.g., for the metabolics model) and what movement you are studying. Typically,
OpenSim is used to detect changes between conditions or between different muscle groups,
rather than relying on the magnitudes predicted. The model for metabolic cost in OpenSim is
discussed in this paper.
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Q: Can you elaborate more on the regression model and why you chose it over other
models?
A: We explored a number of models. The linear regression proved most accurate for this
dataset size. If additional data for many participants was provided, more powerful models like
neural networks may provide additional benefits.

Validation and Application of the Model

Q: Did you validate your solution in the lab or in the real world?
A: We performed all metabolic comparisons in a laboratory setting.

Q: How sensitive is the model to limping?
A: We found that the model interpolates well between motions for which it has training data (for
example, within the range of walking or running speeds we provided in the training data), but
does not necessarily generalize well to new activities (for example, estimating running based on
only walking data). While limping is similar to walking, I would recommend collecting additional
training data. Experiments would need to be performed to understand exactly how much error
limping would introduce.

Q: Can you comment on how this regression might be applied to various degrees of the
same movement? For example, running at different speeds or inclines.
A: This approach was trained and evaluated for multiple conditions of the same activities. For
example, it was trained on 3 speeds of walking, 3 speeds of running, 3 resistance loads at the
same cycling RPM, and 3 speeds of stair climbing. It was then evaluated at 2 conditions
(different speeds or loads) for these same activities. The model interpolates between conditions
(for example, when transitioning from walk to run) very smoothly because it learns a regression
between motions as a function of gait cycle and metabolic cost.

Q: Have these models been applied to free-living/continuous monitoring protocols
extending to several days long? What kind of barriers do you foresee with your model
applied to those protocols?
A: We are beginning to think about this now. The challenge is measuring metabolics during that
period. Approaches like doubly labeled data may be useful, but it is challenging to design
experiments to get these types of data.

Q: Is it expected that this model could be extrapolated to those living with pathological
conditions (i.e., neurological or musculoskeletal conditions)?
A. This approach would work well for modeling motion from people with different gait
pathologies, but I believe additional data collection with those participants would be necessary
before deploying to ensure accurate estimation.



Q: What are the potential applications in industrial settings, e.g., where workers would
have intensive upper extremity and trunk movements, but less lower body motions?
A: This method can accurately capture cyclic activities for which we can measure the associated
metabolic cost. I believe this approach would work well for upper limb or trunk movements given
sensors at those locations and metabolic measurements are for periodic motions used to train a
new model.


