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Al mHealth versus Clinical Pulsative Waveforms

In our proposed challenge, we draw from clinical pulsative waveform datasets to mimic mHealth
pulsative waveforms, and in this section, we provide additional justification for this approach.

Al.1 What is the rationale for constructing a dataset for mHealth signal imputation from
equivalent signals connected in the clinical setting?

While there are differences between clinical pulsative signals collected in a hospital setting and
mHealth pulsative signals collected in the field, this was a necessary approach due to the scarcity of
large, publicly-available mHealth datasets (e.g. PPG-DaLiA, an mHealth dataset, has 15 subjects
whereas our curated MIMIC-III PPG dataset, derived from a clinical dataset, has 18,210 subjects).

We can mimic real-world mHealth settings by applying realistic patterns of mHealth missingness.
The original ablated samples are the ground truth, which makes it possible to quantify and visualize
the imputation accuracy.

Al.2 What are the differences in how the ECG/PPG sensors collect pulsative signals across
both settings?

An ECG signal is a recording of the electrical activity of the heart. The electrical activity is measured
along the axis connecting two electrodes, and an ECG signal corresponding to a specific axis is
referred to as an ECG lead. There are many specific ECG leads that are well-established within the
medical field (e.g. Lead I, Lead I, Lead aVR, etc.), and each ECG lead measures the heart’s activity
along a specific direction.

In a clinical hospital setting, the patients are stationary, and therefore, it is simple to attach many
electrodes onto the patient for diagnosis or monitoring purposes, allowing for multiple ECG leads to
be recorded at once. However, in an mHealth field setting, ECG signals are recorded using wearables,
such as a smart watch [1] or a band [5], on a user who may be constantly moving. Therefore,
to prevent creating an unacceptable burden, single-lead recording is typically the only acceptable
approach. This difference in total-leads-used is why during curation, we treat each lead as a separate
waveform, and propose a univariate imputation problem rather than a multivariate one.

Previous work [6, 9] has demonstrated that mHealth ECG sensors are able to record clinically-accurate
ECG signals, very similar to those collected in a hospital setting, in both healthy subjects and subjects
with underlying cardiac disease.

A PPG signal measures blood volume changes to assess how the heart pumps blood to the periphery
and typically does so with a pulse oximeter sensor, which works by measuring the changes in light
absorption on the skin.

In clinical hospital settings, the pulse oximeter device is clipped to a stationary patient’s finger, so the
signal is stable with a high data quality [13]. In mHealth, PPG signals are typically collected on a
watch, so there will be more noise and missingness resulting from movement [13].

While there are some differences between wrist mHealth PPG and finger clinical PPG (namely in
signal shape structure) [15], both types of PPG signals are used to model the same health paradigms.
Both of them can been used to model the same morphological-based phenomena such as Pulse Arrival
Time [15] and the same rhythm-based phenomena such as Heart Rate Variability [13]. PPG signals
collected in the mHealth setting may be adapted to be used for clinical marker calculations originally
designed for clinical PPG signals [15, 13]. This suggests that domain gap issues between clinical and
mHealth settings, while they exist, may not be not a major obstacle.

A1.3 How do the populations differ in these two settings?

Generally, patients in a clinical setting are in a worse health condition than users in a mHealth setting.
In the hospital, patients may be in the ICU with ECG/PPG sensors to monitor their already-poor
health condition. Conversely, mHealth technology has a young consumer base and is generally used
by individuals for maintenance of healthy behaviors [20]. Therefore, clinical signals will be more
variable than those originating from mHealth devices, due to the diverse set of cardiopulmonary
diseases that may be afflicting the hospital patients. However, this is not a limitation for our challenge



design, as this allows us to present a more challenging and interesting task for the ML community
to tackle. ML methods must rely on learning to impute missing signals based on the signal that is
present, rather than learning to create a general-purpose imputation template that mimics standard
healthy behavior.

Al.4 How does clinical missingness differ from mHealth missingness?

There are similarities in missingness patterns across the clinical and mHealth domains. For example,
with respect to participant compliance, both clinical patients and mHealth users can remove sensors,
resulting in blocks of missing data. Likewise, participant movement in both contexts can result in
artifacts (e.g. tugging at an attached sensor in the hospital vs adjusting an uncomfortable strap of a
mHealth wearable). At the same time, the mHealth environment is more challenging for data capture
and may experience more missingness overall.

However, we would like to clarify that comparisons between clinical and mHealth missingness do
not affect our ndings and experimental design because:

1. We do not make any claims about the suitability of our approach for addressing the issue of
clinical missingness.

2. There is no clinical missingness present in our benchmark dataset.

Our contribution is on introducing a benchmarking suite for pulsative signals with realistic mHealth
missingness, and our data curation process (described in Sections 3.1, 3.2, A2.1, A2.2) ensured that
signals with clinical missingness were removed from the dataset.

A2 Curation of MIMIC-IIl Waveform and Heartbeat Detection Task Details

For each of these curations, we intentionally utilize an aggressive Itration method to ensure that we
have clean signals. The sheer volume of the MIMIC-IIl Waveforms dataset allows us to Iter out
many unsuitable signals and still curate the largest ECG/PPG waveform dataset.

Curating a clean version of MIMIC-III Waveform is both critical for our imputation challenge design
and is very advantageous for the broader biosensor ML eld. For Pulselmpute, we need clean signals
for training imputation models to reconstruct the signal structure and not noise. In a broader context,
we want to match the high quality level of other datasets such as PTB-XL, in which 77.01% of
the signal data are of highest assessed qudl8ly This matching enables researchers to combine
datasets in the future or to train transfer learning approaches with our curated datasets, potentially
leveraging self-supervised representation learning.

A2.1 MIMIC-IIl ECG Curation

MIMIC-IIl Waveform [12] has 4,799,017 ECG signal les, which we curate down to 440,953 clean
ECG signal les. Below is the MIMIC-1ll ECG curation procedure we utilized, and please see our
code for speci ¢ implementation details.

1. For a given ECG Signal, resample the waveform from 125 Hz to 100 Hz and conduct linear
interpolation to Il in NA values.

2. Utilize Welch's method 19] to obtain the periodogram and conduct peak detection on the
periodogram with a strict minimum peak distance requirement. In a clean ECG signal,
regularly spaced peaks in the periodogram correspond to the harmonics of a QRS complex,
especially those in the upper frequency bands [2].

Therefore, if the detected peaks are regularly spaced and there is a peak detect€d at

Hz, then the ECG signal is marked as clean, and we skip to step 4. Else If the peaks are not
too irregularly spaced, then we move to step 3 for another chance for the signal to pass the
quality check. Else, the peaks are too irregularly spaced, and we reject the signal.

See below for examples of ECG signals with their associated periodogram. The top
demonstrates a clean ECG signal with regularly spaced peaks in its periodogram and



detected peaks past 10 Hz. The bottom represents a noisy ECG signal with a periodogram
with irregularly spaced peaks and no signi cant peaks detected past 10 Hz.

3. A new peak detection on the periodogram is conducted with a relaxed minimum peak
distance requirement, and new peaks are compared to old peaks. These new peaks are
designated by the red x's in the below periodogram, and the old peaks are designated by the
orange Xx's.

If number of new peaks is not too high or if the new peaks are far away from the old peaks,

then the signal is marked clean, and we move to step 4. Else, we reject the signal. This
allows for non-normal heart rhythms in which the heart rate uctuates to pass. The below

example demonstrates a signal with heart rate irregularities, but still passes our lter.

4. For all signals marked clean, we sample a 5-minute segment, run an ECG peak detection
algorithm, and if HR is within an acceptable physiological range, thele@@ signal is
accepted

A2.2 MIMIC-IIl PPG Curation

MIMIC-11I Waveform [12] has 3,162,804 PPG signal les, which we curate down to 151,738 clean
PPG signal les. Below is the MIMIC-11l PPG curation procedure we utilized, and please see our
code for speci ¢ implementation details.

1. For a given PPG Signal, select a 5-minute segment and resample the waveform from 125 Hz
to 100 Hz.

2. Segment the waveform into each beat with a peak detection algorithm and extract the PPG
beat template with an ensemble averaging-based apprbdchf[a template is failed to be
found, then reject the signal.

3. Calculate the DTW-based quality metric (bounded between 0 and 1) for eaci Bedtis
is done by using DTW to align the template with the beat and calculating the correlation
coef cient. If the correlation is negative, the similarity is clamped to zero.



4. If 95% of the beats have a quality greater than 0.5RR& signal is acceptecElse, reject
the signal. See below for examples of accepted and rejected PPG signals.

A2.3 ECG/PPG mHealth Missingness Extraction

To generate ECG mHealth Missingness patterns, the Autosghdevice in our mHealth eld study
[3] used an ECG data quality assessment algorithm [11] to detect noise and missingness.

However, this Autosense device does not record PPG signals, and thus we do not have access to
PPG mHealth missingness patterns. We cannot use ECG mHealth missingness patterns to model
PPG mHealth missingness because PPG signals may have different missingness patterns due to the
differing types of sensor attachment. ECG signals can be collected on a chest band, as is done in
Autosense, whereas PPG signals are typically collected with a wrist-mounted smartwatch.

Therefore, we seek to extract missingness patterns from the public mHealth PPG dataset, PPG-DaLiA
[16], with the procedure outlined below.
1. For a given PPG Signal in PPG-DaLiA, resample the waveform from 64 Hz to 100 Hz.

2. Segment the waveform into individual beats with PPG-DaLiA's provided ground-truth peaks
and extract PPG beat template with ensemble averaging [17].

3. Calculate DTW-based quality metric (bounded between 0 and 1), as described in A2.2.

4. Create a binary time-series by marking segments with DTW-based quality me®ias
missing (0) and segments with the metric5 as not-missing (1).

5. Split the binary time-series into 5 minute segments to serve as a PPG mHealth missingness
pattern.

A2.4 Heartbeat Detection via Peak Detection in ECG/PPG

Peak detection is essential for segmenting and localizing individual heart beats, which is a core
capability that supports a variety of widely-used mHealth markers such as heart rate and heart rate
variability, and we use ECG/PPG Heartbeat detection on the curated MIMIC-11l waveform datasets
as a downstream task within our challenge to evaluate imputation.



Below are the formulations of each of the metrics that we use in this task.

Sens= -1 ° prec= 1P pp- 2 Prec Sens
TP+ FEN - TP+FP ~ Prec+ Sens

Given a peak that was identi ed from the imputation, we center a 50 ms window around this peak, as
done by [L4]. If there was a peak originally in this window before being ablated for imputation, then
this is aTrue Positive If there was no peak originally in this window, this i$-alse Positive False
Negativesare peaks that were in the original signal that were ablated but were not detected in the
reconstructed imputation with this procedure.

The peak detection procedures were Stationary Wavelet Transform peak detect®]flonECG
signals and a neighbor comparison with threshold and peak prominence lters for PPG signals.

A3 mHealth Missingness Visualizations for ECG and PPG

A3.1 ECG Extracted mHealth Missingness

Figure Al: Various extracted ECG mHealth signal missingness patterns (shown by the gaps between
the black signal) applied on different ECG waveforms. These are examples of the inputs used in the
ECG Imputation and Heartbeat Detection Task. ECG missingness patterns are very complex in terms
of their frequency and their duration. The ECG signals visualized here also are heterogeneous with
many different morphologies (e.g. some signals have large peaks while others have large valleys) and
different rhythms (e.g. signals have varying density). Additionally, each signal may be any particular
lead within a wide range of possible leads.



Figure A2: Histogram of Missingness Gap Length found in Extracted ECG mHealth Missingness
Patterns. The missingness gaps' lengths have a wide range: the majority of missingness gaps are 3-9
seconds long but some gaps can last more than a minute.

A3.2 PPG Extracted mHealth Missingness

Figure A3: Various extracted PPG mHealth signal missingness patterns (shown by the gaps between
the black signal) applied on different PPG waveforms. These are examples of the inputs used in the
PPG Imputation and Heartbeat Detection Task. The PPG missingness patterns are different from
those found in ECG, with much shorter gaps comparatively. The PPG signals are generally of simpler
shapes, and there is more noise found in these PPG signals compared to the ECG signals.



Figure A4: Histogram of Missingness Gap Length found in Extracted PPG mHealth Missingness
Patterns. As visually seen while comparing Figure Al and A3, the missingness gaps in PPG mHealth
signals are shorter than those found in ECG.

A4 Experimental Setup Details

Our Pulselmpute repavivw.github.com/rehg-lab/pulseimpute ) contains the code needed to
reproduce results, including a script to download the data and model checkpoints. Models were
trained on Titan Xp GPUs for 24 hours or until convergence, whichever came rst, on an internal
Georgia Tech GPU Cluster. For each model trained on the 10-second-long ECG data used in the
extended loss scenario for the ECG Imputation and Cardiac Classi cation Task, their model weights
were used to initialize the model for the 5-minute-long ECG Imputation and Heartbeat Detection task
before being further ne-tuned.

BRITS and NAOMI + BRITS w/ GAIL were implemented with their original papers' code bases found
www.github.com/caow13/BRITS andwww.github.com/felixykliu/NAOMI | respectively. The
training procedures were set up to be identical to the original, with the only modi cation being
how missingness was simulated during training. Rather than their default missingness procedure of
dropping out individual time-points independently and at random, they were trained on task-speci c
missingness patterns, as described in Sections 3.1, 3.2, 3.3.

For the transformer models, the longformer's dilated sliding window attention was used for the
5-minute-long data in the ECG Imputation and Heartbeat Detection task. Conv9 uses the maximum
kernel size for conv self-attention in its prior work(]], and our BDC module's query/key transforma-
tions have receptive elds of 883 9 sec). Each of the transformer-based architectures used follow
the architecture scheme of one 1D Convolution Layer for embedding, two Transformer Encoder
Layers, followed by one 1D Convolution Layer for projection for imputation. The transformer models
were trained with a Masked Predictive Coding procedure, introducéf,imgpired from the original
Masked Language Prediction procedure, introducedl]in Given a block in which missingness
would like to be ablated for training, there is a 80% probability that it is replaced with a O vector, 10%
probability that sinusoidal vector is added as noise, and 10% probability that the block is kept the
same. L2 Loss is then calculated between the imputed result and ground-truth.

Please see our code repo for further details on hyperparameters, experimental set-up, and repro-
ducibility.



A5 Extra Results and Visualizations

In this section, we show extra visualizations of the performance of each of the imputation models,
grouped by their downstream task: ECG Imputation and Heartbeat Detection, PPG Imputation and
Heartbeat Detection, and ECG Imputation and Cardiac Pathophysiology Classi cation.

« ECG/PPG Imputation and Heartbeat Detection Tasks benchmark imputation by applying
extracted mHealth missingness patterns on 5-minute-long ECG/PPG data.

» ECG Imputation and Cardiac Classi cation benchmarks imputation by systematically vary-
ing amount of missingness with the extended and transient loss missingness models on
10-second-long ECG data.

The purpose of this section is to visually evaluate the reconstruction quality of each of the models, as
well as understanding the variation of the imputation model performance with MSE density plots.

A5.1 ECG Imputation and Heartbeat Detection

Figure A5: Extra visualization #1 of 5 minutes of imputation results from ECG Heartbeat Detection.
The green dots designate True Positive reconstructed heartbeat peak detection. Given a signal with
shorter missingness gaps, our BDC transformer is able to reconstruct the signal and rhythm very well,
shown by the large amount of green dots.






	mHealth versus Clinical Pulsative Waveforms
	What is the rationale for constructing a dataset for mHealth signal imputation from equivalent signals connected in the clinical setting?
	What are the differences in how the ECG/PPG sensors collect pulsative signals across both settings?
	How do the populations differ in these two settings?
	How does clinical missingness differ from mHealth missingness?

	Curation of MIMIC-III Waveform and Heartbeat Detection Task Details
	MIMIC-III ECG Curation
	MIMIC-III PPG Curation
	ECG/PPG mHealth Missingness Extraction
	Heartbeat Detection via Peak Detection in ECG/PPG

	mHealth Missingness Visualizations for ECG and PPG
	ECG Extracted mHealth Missingness
	PPG Extracted mHealth Missingness

	Experimental Setup Details
	Extra Results and Visualizations
	ECG Imputation and Heartbeat Detection
	PPG Imputation and Heartbeat Detection
	ECG Imputation and Cardiac Pathophysiology Classification

	Dataset and License details
	References

