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Abstract
There is increasing interest in using machine learning to build classifiers using
health related time series data. However, such data often involves a limited set
of subjects and long monitoring periods. Fine grained supervision is usually not
available in this scenario, and soft per-subject labels are usually used. To prevent
overfitting to subject-identifying features, expert-driven knowledge of the task is
often used. We present a two-step classification approach that is able to generalize
under these circumstances without making any assumptions about the task. We first
obtain low dimensional embeddings by training a convolutional autoencoder on
frequency-domain representations of the data. We then use the learned embeddings
along with soft labels for the classification. We demonstrate the effectiveness of
our approach on a large ambulatory voice monitoring dataset where we predict
which subjects have phonotramatic vocal hyperfunction. Our proposed method
is able to generalize to unseen subjects and matches state-of-the-art results that
leverage significant domain knowledge.

1

Introduction

Time series data collected outside the clinical environment is useful for many clinical tasks. We
will refer to such data as ambulatory data. For example, ambulatory cardiac monitoring techniques
have been shown to be useful in the detection of hypertension and atrial fibrillation [1, 2]. There
is increasing interest in using machine learning to build classifiers using health related time series
data collected over long periods of time [3]. However, ambulatory data, like many other data
sources in health care, usually entail collecting many samples per subject whilst still having a limited
number of subjects. Moreover, fine grained labels for individual examples are usually not available.
Models usually rely on per-subject soft labels instead. This leads to common machine learning
algorithms learning features that are subject-dependent rather than pathology dependent, leading
to poor generalization. To prevent this failure mode, researchers have usually carefully engineered
features leveraging expert domain knowledge [4]. However, this involves arduous feature engineering
and the obtained features often do not generalize well to other tasks.
In this paper, we propose a task independent learning framework that is able to generalize in the
presence of few subjects but large amounts of data per subject. We first compute a general purpose
spectral representation of the time series data. We then obtain feature embeddings by training a
convolutional autoencoder over this spectral information. From these embeddings, we train an L1
regularized logistic regression model that employs per-subject soft labels. Lastly, classification results
are obtained by aggregating classification results at the subject level.
Preprint. Work in progress.

We demonstrate the utility of our approach by applying it to a large collection of ambulatory voice
monitoring data [5]. The dataset consists of 64 patients and 64 controls with days’ worth of data per
subject (≈ 109 samples per subject). We compare to previous work [4] which derived features using
expert domain knowledge along with statistical aggregates to prevent overfitting.
We show that training high complexity models on the soft labels leads to overfitting to subjectspecific traits and fails to generalize to unseen subjects. In contrast, our proposed approach achieves
an accuracy of 0.71 ± 0.06, matching state-of-the-art classification results that relied on features
engineered by domain experts [4].

2

Background & Related Work

Autoencoders have been previously proposed as a way to learn low feature representations of the data
[6, 7]. In the medical domain, unsupervised training of autoencoders has been successfully used in
feature extraction task for time series data. They have been applied to electrocardiogram data [8],
electroencephalogram data [9] and polysomnogram data [10]. However, none of these approaches
deal both with limited subjects and soft label supervision. Similarly, researchers have been able to
use wearable sensor data for detecting multiple medical conditions [3]. Nevertheless, they use a very
large population size which is not a common case in many medical applications.
Researchers have recently collected large amounts of ambulatory voice monitoring data [5]. The
collected data comprises patients with voice disorders along with controls. Voice disorders have been
estimated to affect around 30% of the working-age population in the United States at some point in
their lives, with 7% of individuals affected at any point in time [11]. These disorders are medical
conditions that are often caused from vocal misuse. This data has been used to classify patients with
voice disorders [4]. Nevertheless, this work relied on expert-driven features to prevent overfiting to
subjects. Moreover, they employed statistical aggregates which do not account for the time-varying
nature of the data.

3

Method

In this section we present the our method for detecting subjects with vocal fold nodules. In order to
allow for a high complexity model without overfitting to subjects, we devise a two-step approach.
First, we learn low dimensional unsupervised embeddings of the raw waveform. Afterwards, we
train a supervised model on the latent representations using the subject class as a soft label. By
decoupling the feature extraction from the classification we obtain a task-independent representation
of the signal.
We explored several general purpose representations for sequence data, and found those from
automatic speech recognition most useful for the task. We use a mel-scaled spectrogram with
logarithmic intensity as a two dimensional time-frequency encoding of the signal. Log mel frequency
spectrograms have proven to be an effective representation for large-scale audio classification tasks
using deep convolutional models [12, 13]. Values of the representation correspond to the logarithm
of the power spectral density for different points in time and frequency, and values themselves are
equally spaced in time and logarithmically scaled in frequency. We include some examples of this
representation in Figure 1.
The log mel spectrograms are used as inputs to an autoencoder and trained until convergence. Then,
for every window we compute the low dimensional embeddings and use them to train a logistic
regression (LR) model. For supervision, we label all windows with a patient-level soft label of control
(0) or patient (1). We aggregate the results by computing the percentage of windows labeled as
positive, identify the threshold that best separates the two classes in the training set, and apply it to
the validation set.

4

Experiments

We employ ambulatory data acquired from an non-invasive voice monitor consisting of a neck-placed
miniature accelerometer (ACC) [5]. The sensor relays the measurements to a smartphone which
collects the unprocessed ACC signal at 11.025 Hz sampling rate, 16-bit quantization and 80 dB
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Figure 1: Four randomly sampled Log Mel-scaled Spectrograms for two patients with vocal hyperfunction (PF021 and PF022) and two controls (NF021 and NF022). Both negative (top) and positive
(bottom) windows can present similar patterns while still belonging to different classes which makes
the classification task challenging. Moreover, there is a high variability across windows from the
same subject. Due to the arbitrariness of what could be contained in a given window, there is no
straightforward technique to match sequences across subjects.

dynamic range. Accelerometer data are advantageous to voice recordings in ambulatory scenarios
since they preserve the privacy of the subject and are less affected by external acoustic noise. [14]. In
all the experiments, we use the heuristic described in [4] to extract voiced regions of the signal.
We use data corresponding to 128 subjects: 64 patients diagnosed with vocal fold nodules and 64
control subjects. We split the data into five stratified folds with equal numbers of subjects and controls.
We employ the first split to choose the set of hyperparameters. We then use those hyperparameters to
train models for the remaining splits and report the average results in the next section.
We window data into fixed length segments of 0.75 s, the median voiced window length. From these
windows, we computed log Mel scaled spectrograms with 128 mel filter banks and 64 samples per
spectrogram. This produces 128 by 64 pixel images shown in Figure 1.
We used a convolutional autoencoder architecture with four modules in both encoder and decoder
along with a dense layer of 30 units in the middle. Each block is composed of two 3x3 convolution
operations with ReLU activations and batch normalization before the activations. Max pooling is
used between every encoder block and nearest upsampling between each decoder block. We fixed the
convolutional filter size to 16 throughout the entire encoding phase to prevent the dense layer from
dominating the number of parameters in the overall model. We performed a random hyperparameter
search over the autoencoder and logistic regression parameters. We implemented the autoencoder
using the Keras library [15] and we used scikit-learn [16] Logistic Regression model. Best results
were achieved when the autoencoder used mean absolute error loss and had a embedding dimension
of 30 units.
4.1

Benchmarks

Expert-LR - We use an approach similar to [4] which relies on expert-driven signal representations.
The ACC signal is preprocessed by computing several features over 50 ms windows, and transformed
into features that include three vocal dose measures: phonation time, cycle dose and distance dose
along with sound pressure level and fundamental frequency. The features are then summarized using
statistical functions (Mean, Variance, Skew, Kurtosis and 5/95% percentiles) over the windows.
3

Then, the statistical aggregates are used to train an L1-regularized Logistic Regression model. Note
that this feature extraction is achieved using a complex multistage pipeline heavily tailored to the
data domain, requiring over 5,000 lines of code.
Expert-NN - We explore the use of sequence classification models to replace the aggregate measures.
We train a 1-dimensional convolutional neural network and a GRU recurrent neural network [17]
on sequences of the expert-driven features as input. We employed the same soft supervision as the
Expert-LR approach, where each window was labeled with the subject class.
Raw-NN - As an additional benchmark we trained the same sequence classification models (CNN
and GRU) in the raw accelerometer waveform using the same supervision approach.

5

Results

Results are reported in Table 1 with mean and standard deviation across the four folds not used for
the hyperparameter selection. For the sake of clarity we omit the results for Expert-NN and Raw-NN
for reasons discussed below. We can observe that Expert-LR and our approach perform similarly in
the training data and drop slightly in performance when presented with unseen data. The proposed
model achieves a comparable performance to the previous state-of-the-art model without making any
assumption of the task or incorporating expert domain knowledge.
The Expert-NN benchmark strongly overfit, regardless of network hyperparameter choice. We
experimented with various window sizes and feature subsets in case some were conveying uniquely
identifying information about subjects. Regardless of these choices, the model only improved in the
training set while performing close to random chance (AUC = 0.5) on the validation subjects.
The same held true for Raw-NN which used the sensor waveform as input. Experiments overfit to the
training set whilst performing randomly on the validation set. We argue that this scenario showcases
a dangerous failure mode of large amounts of data with soft labels: fully supervised approaches can
end up learning subject-identifying features instead of pathology-related features.
AUC

Accuracy

F1

Expert-LR

Train
Test

0.71 ± 0.02
0.69 ± 0.09

0.71 ± 0.05
0.71 ± 0.09

0.69 ± 0.06
0.68 ± 0.12

Ours

Train
Test

0.72 ± 0.07
0.69 ± 0.06

0.72 ± 0.02
0.71 ± 0.06

0.71 ± 0.02
0.71 ± 0.08

Table 1: Results for training and test sets for the four splits of the data not used for model selection.
Mean and standard deviation across the splits are reported for several metrics. AUC uses the
continuous percentage output whereas the other metrics employ the thresholded values. We can
observe how the autoencoder model produces results comparable to the expert driven features in all
the relevant metrics.

6

Conclusions

In this work, we present a two step framework that is able to leverage a large collection of voice
monitoring ambulatory data. Our model uses a convolutional autoencoder on log mel-scaled spectrogram windows to extract task independent features from the data. The learned features along with
per-subject soft labels are used to classify between windows from subjects with and without vocal fold
nodules. Our framework is able to generalize well to unseen subjects, unlike other approaches with
direct supervision. Moreover, our results match the state-of-the-art performance on the classification
task without incorporating any expert knowledge, or assuming a particular task. As future steps, we
plan to explore our technique in other voice-related settings, such as detecting periods of behavioral
disorder, and on other soft-labeled ambulatory datasets.
4
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