
Spectral Machine Learning for Predicting Power
Wheelchair Exercise Compliance

Robert Fisher1, Reid Simmons1, Cheng-Shiu Chung2, Rory Cooper2, Garrett
Grindle2, Annmarie Kelleher2, Hsinyi Liu2, and Yu Kuang Wu2

1Carnegie Mellon University
5000 Forbes Ave, Pittsburgh PA 15213

2Human Engineering Research Laboratories
University of Pittsburgh

6425 Penn Avenue, Pittsburgh PA 15206

Abstract. Pressure ulcers are a common and devastating condition
faced by users of power wheelchairs. However, proper use of power wheelchair
tilt and recline functions can alleviate pressure and reduce the risk of ul-
cer occurrence. In this work, we show that when using data from a sensor
instrumented power wheelchair, we are able to predict with an average
accuracy of 92% whether a subject will successfully complete a reposi-
tioning exercise when prompted. We present two models of compliance
prediction. The first, a spectral Hidden Markov Model, uses fast, opti-
mal optimization techniques to train a sequential classifier. The second,
a decision tree using information gain, is computationally efficient and
produces an output that is easy for clinicians and wheelchair users to
understand. These prediction algorithms will be a key component in an
intelligent reminding system that will prompt users to complete a repo-
sitioning exercise only in contexts in which the user is most likely to
comply.

Keywords: Machine learning, spectral learning, HMMs, healthcare ap-
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1 Introduction

More than 2.5 million Americans experience pressure ulcers every year[14]. One
particularly high risk group of individuals are those with severe physical disabil-
ities that utilize power wheelchairs as their primary means of mobility. Power
wheelchairs can very effectively relieve pressure by raising the user to an re-
clined, titled position for several seconds. However, research indicates that less
than 40% of power wheelchair users correctly use their power seat functions to
relieve pressure and prevent deadly ulcers[12]. This leads many power wheelchair
users to be exposed to preventable pressure ulcer formation, which can often lead
to complicating infections or even death.

The Virtual Coach smart power wheelchair system was designed to track
the power wheelchair usage of users in order to help them better conform to
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the pressure relief guidelines set forth for them by clinicians, as well as improve
their overall posture. By monitoring encoders in the power wheelchair’s joints
(chair tilt, leg rest elevation, seat elevation, etc), the system is able to determine
when a user has successfully performed the repositioning exercise prescribed by
the user’s healthcare provider. Users are reminded on a periodic basis to con-
duct pressure relief, and the system tracks whether the user complied with the
reminder or not. Initial results suggest that users that receive regular reminders
from the system have higher rates of compliance with their exercise regime than
those users not receiving instruction. However, there is a risk of the system be-
coming intrusive and annoying if users are given too many undesired reminders.

Instead of simply reminding users with a static periodicity, we would like to
devise an intelligent system that selects the most appropriate contexts in which
to issue reminders. In this paper, we present the results of applying machine
learning algorithms to predict if a user is likely to comply with a reminder given
information about the user’s current context collected by several sensors onboard
the Virtual Coach system. We show that when averaged across all users, we can
attain a predictive accuracy of 92%. We present results with an expressive and
statistically consistent spectral Hidden Markov Model, as well as a computa-
tionally lightweight decision tree model that creates an output which is easy for
clinicians and users to understand. The goal for this work is to create an intelli-
gent, decision theoretic reminding system that would select the best moments to
issue reminders to users given the likelihood of compliance in the current context,
the time since the last pressure relief was completed, and the recommendations
given by the overseeing clinician. Predicting whether a user is likely to comply
in a given context is the first step towards realizing these goals.

2 Related Work

Predicting pressure relief compliance using sensor data is related to the task
of predicting user interruptability given contextual information. For instance,
there has been some work predicting whether or not a user would prefer to
have their smartphone ringer enabled in a given setting. Some of this work has
leveraged decision theoretic models of user preferences[15], while other work has
emphasized active sampling of user preferences coupled with features generated
using sensor processing algorithms[10].

There has been some previous work utilizing machine learning to predict pa-
tient behavior in healthcare applications, but rarely with the fine level of granu-
larity seen in the Virtual Coach system. For instance, one author used statistical
machine learning techniques with patient data to predict which subjects suffer-
ing from coronary artery disease would be likely to comply with pharmaceutical
guidelines for managing cholesterol levels[8]. These predictions were based pri-
marily on demographic data, and did not give indications as to which contexts
and circumstances would lead to non-compliance for a subject. There has also
been quite a bit of work using machine learning to predict health care outcomes
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and complications, but this work has not been focused on understanding or
altering patient behavior to improve outcomes[16, 6].

In this paper, we present results using spectral methods for machine learn-
ing, which has become a very popular topic in machine learning research. Based
on eigenvector decomposition, such as is used in Singular Value Decomposi-
tion (SVD) and Principle Component Analysis (PCA), spectral methods can
give optimal results for many optimization tasks using a small fraction of the
computation required by comparable algorithms. Spectral algorithms exist for
learning latent-variable PCFG’s[5], dynamical systems[3], and Hidden Markov
Models[11]. From an applications standpoint, spectral methods have been used
to estimate a student’s aptitude for key tasks in a classroom setting[9], for de-
pendency parsing of natural language text[7], and for image segmentation and
classification tasks[13].

3 The Virtual Seating Coach System

The Virtual Seating Coach (VC) system is a smart power wheelchair outfitted
with a variety of sensors and an onboard computer. The sensors installed on these
chairs include encoders in each of the chair’s joints and wheels, accelerometers
in the base of the seat, a seat occupancy sensor, a thermometer, and a light
sensor. Additionally, a subset of users in the clinical trails used chairs that were
outfitted with GPS chips and microphones. A complete list of the sensors and
the machine learning features that were computed is shown in Table 1.

Fig. 1. A researcher demonstrating the use of the Virtual Coach system

A tablet computer is attached to the arm of the chair, as seen in Figure 1. The
software on this tablet is used to issue reminders to users, and to provide feedback
while an exercise is being conducted. Additionally, users can set preferences that
dictates if reminders with be given using audio queues, silent text, or if the
reminders should be disabled completely. When a reminder is given, a user is
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given the choice of snoozing the reminder, which will result in another prompt
being given in 5 minutes, or the reminder can be dismissed for 1 hour. If the user
does not comply with the reminder, it is automatically snoozed for 5 minutes. If
the user successfully completes the exercise, the reminding system will be reset
for a duration determined by a clinician.

Data Source Features

Chair angle encoders Mean and variance of encoder values over previous 10 seconds

Wheel Encoders Mean and variance of rotational velocity over previous 10 seconds

Accelerometers Average Fourier power in 500 Hertz bands over 0-4000 Hz

Thermometer Average temperature over previous 30 seconds

Seat Occupancy A 0/1 value indicating state of pressure sensor in seat

Clock The current day of the week and hour of the day

Recent Behavior Time since the last reminder

Recent Behavior Outcome of previous reminder (Snooze, dismiss, compliance)

GPS Data1 The current encrypted longitude and latitude coordinates

Audio Data1 Average Fourier power in 100 Hertz bands over 0-1000 Hz

Table 1: The features computed using the Virtual Coach sensors

Several prototype versions of the system have been undergoing clinical tri-
als, and more than 20 volunteers have participated in the trials using the VC
system over a period of 6 weeks per user. Volunteers were either assigned to a
control group, being given a sensor equipped chair without a reminding system,
or they were given the full VC system with tablet computer. The system stores
clinician pressure relief guidelines for the individual user. For instance, the rec-
ommendation may be for the user to receive 30 seconds of pressure relief once
every 60 minutes. During clinical trials the system issued reminders on a fixed
basis according to the prescription, and the user’s response to the reminder was
recorded.

4 Spectral Hidden Markov Models

In recent years, spectral methods have become increasingly popular tools for
solving a wide variety of optimization problems in machine learning. Spectral
algorithms utilize eigenvector decomposition of data matrices to estimate the
parameters of a learning model. Spectral algorithms are statistically consistent,
do not suffer from local optima, and can be orders of magnitude faster than
comparable optimization techniques, such as Expectation Maximization (EM).
Spectral algorithms have been particularly successful when learning latent vari-
able models[11].

Hidden Markov Models operate on sequences of observed data and assume
the existence of a latent state variable that allows for the Markovian assumption.
Put another way, given a hidden state hi ∈ [1,m] and a sequence of observations

1 Data only available for subset of users
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x1, x2, ...xt, xi ∈ Rn, the assumptions driving the HMM give us the following
equality:

P (xt|x1, x2, ...xt−1) = P (xt|hi)

Because the hidden state is unobserved and latent, the current state is generally
represented as a distribution over possible states. We can then marginalize over
the latent state distribution to estimate the probability of observing a given
outcome.

There are three sets of parameters that must be learned to describe an
HMM. The state transition probability matrix, T ∈ Rm×m, defines the proba-
bility of transitioning from one hidden state to another. The observation matrix,
O ∈ Rn×m, defines the probability of seeing a given observation given a state,
where n is the dimensionality of our observation space. Finally, the initial state
distribution, π ∈ Rm, defines the probability of beginning in each of the m la-
tent states. The mean squared error of estimating T and O goes to 0 with the
number of observations. However, the mean squared error of the estimate of π
goes to 0 with the number of observed sequences. Therefore, a model trained on
a single sequence of many observations may have high predictive error because
the estimate of π will be incorrect. We prefer, therefore, to use several short
independent sequences of operations. For our application, we consider each day
that a subject uses the Virtual Coach system to be a separate independent se-
quence. In practice it is not necessary to know m, the number of hidden states,
because this value can be tuned using cross validation.

Historically, the parameters of an HMM have been trained using the EM
algorithm or a similar approach. However, these optimization techniques tend to
be very slow and prone to fall into local optima. This is in part due to the fact
that learning HMM parameters exactly has been shown to be intractable un-
der cryptographic assumptions[17]. Recently, spectral formulations of the HMM
learning problem have been posed which allow an HMM to be learned quickly
and optimally when the parameter matrices are of rank no greater than m[1,
11].

The spectral formulation of an HMM utilizes subspace identification by cre-
ating an m-dimensional subspace that preserves the state transition dynamics of
the original model. This type of subspace identification is closely related to the
use of Predictive State Representations, which have been used quite successfully
in a variety of dynamical systems applications[4]. To project into this subspace,
we must compute an invertible subspace transformation matrix, U ∈ Rn×m,
that allows us to transform data in the original n × n space into the n × m
subspace. To accomplish this, we begin by computing the empirical probabilities
of sequential cooccurence of all observation doubles and store the results in a
matrix P̂2,1 ∈ Rn×n. Put another way, this matrix represents the probability
of seeing observation xi followed immediately by observation xj . The matrix U
can then be recovered by performing Singular Value Decomposition (SVD) on
the matrix P̂2,1. Now, rather than learning the HMM parameters in the orig-
inal space, we learn the parameters in this reduced subspace. If the subspace
dimensionality, m, is no less than the rank of the parameter matrices T and O,
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then this subspace embedding will act as a lossless compression, and the new
parameters that we learn will have the same dynamics as the original system.
Of further interest, these new subspace parameters can be computed using only
computationally efficient operations, such as empirical probability estimates and
standard matrix operations. We denote the subspace parameters as π̂U , T̂U , and
ÔU . X+ represents the Moore-Penrose pseudo-inverse of a matrix. P1, P2,1, and
P3,x,1 respectively represent the empirical single, double, and triple cooccurrence
probabilities of observation. It can then be proven that the following equalities
hold:

π̂U = UTP1

T̂U = (PT
2,1U) + P1

ÔU = UTP3,x,1(UTP2,1)+∀x ∈ [n]

For the sake of brevity, we omit the proofs here, but they can be found in Hsu,
et al 2012[11]. We see from the above equalities that the parameters of the spec-
tral HMM can be recovered exactly using only empirical distribution estimates
with matrix transposition, multiplication, and pseudo-inverse operations.

5 Decision Trees

Power wheelchairs are a principle component in the life of many people living
with a physical disability, and research suggests that chair users prefer to remain
in full control of their chair’s functionality [2]. In light of this, we may wish to
create a reminding system that is maximally transparent, so that a user can
better understand how the intelligent system is deciding when to remind. The
spectral HMM, while very powerful, relies on a latent variable distribution that
often lacks a simple, relatable explanation.

In an effort to explore a model that would be easier for end users to com-
prehend, we turned to one of the oldest and most popular machine learning
classifiers: decision trees. Decision trees conduct classification through a series
of logical binary operations applied to the learning features. Information gain
is most often used to determine which features to place near the root of the
tree. Information gain is defined as the reduction in statistical entropy gained
by learning the state of a random variable. If we denote H(Y ) to be the statis-
tical entropy of a random variable, the information gain of X with regards to
label Y is H(Y )−H(Y |X = a).

Decision trees have been shown to be high bias classifiers, leading to a great
deal of overfitting [18]. To combat this, decision trees are generally pruned near
the leaves of the tree to reduce bias and improve the tree’s capacity for general-
ization. Smaller trees will also be easier for users to view and comprehend.

An example of a heavily pruned decision tree trained on one user’s Vir-
tual Coach data is shown in Figure 2. In this figure, a lead node of 1 indicates
that the user is expected to comply with a reminder, 0 indicates predicted non-
compliance. The tree in this figure was trimmed to depth 3, leaving only en-
crypted location and audio features remaining. It is worth noting that the audio
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feature with the highest information gain is the Fourier signal power in the 300
to 400Hz range of the spectrum. This represents the lower end of the audio spec-
trum that the human voice inhabits, so the decision tree seems to indicate that
this given user would prefer not to be reminded if there is evidence of a speech
signal present in the environment. If a Virtual Coach user were to elect to use
a decision tree to determine when the intelligent system should issue reminders,
the user would be able to verify, and possibly modify, the behavior of the system.
This would help to curb any confusion a user may have as to why the system is
behaving in the way that it is.

0

0

1 0

x1 < 102.716   

x1 < 28.8081   

x13 < 8.26022e+06   

  x1 >= 102.716
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Fig. 2. A Decision Tree Showing the Compliance Predictions of a User

6 Results

When collecting empirical results, we used 15 fold cross validation to determine
prediction accuracy of our models by randomly selecting one week of data to hold
out for validation. Figure 3 shows the average prediction accuracy of the spectral
HMM and decision tree models as a function of training data volume. We also
considered several other classifiers, including Support Vector Machines, Nearest
Neighbors, Naive Bayes’ algorithm, and Conditional Random Fields. None of
these other approaches performed as well as the spectral HMM, or produced
output that was as easy to understand as the decision trees.

We see from these results that the spectral HMM performs particularly well
with small amounts of data, with a very steep peak in the training curve after
being supplied with only 20% of the data (roughly one week’s worth of data).
This result fits with intuition, because we expect accuracy to plateau after seeing
one full instance of a user’s weekly schedule. The spectral HMM peaks at around
92% classification accuracy, while the decision tree model peaks at 89%. It is not
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Fig. 3. Empirical Training Curve

surprising that the spectral HMM performs the best, because the HMM reflects
recent observations through the latent state distribution, while the decision tree
performs classification using only the current sensor values. For comparison, a
naive model that always predicts the most likely prior attains 69% classification
accuracy.

We determined that both models performed best when supplied with training
and testing data from only a single user. Models trained with data from multi-
ple users resulted in many contradictory training examples, which is intuitive,
because we would expect different users to react differently to a reminder under
the same circumstances.

Prediction accuracy with users for whom audio and GPS data were available
was higher than the rest of the population, showing 94% average accuracy with
the HMM, and 92% average accuracy with the decision tree. We see a smaller
differential between the two models in this case due to the fact that the GPS
data shows very high information gain, often placing it near the root of the
decision trees. For these users we can attain a predictive accuracy surpassing
85% using trees of only depth four that were built only using time of day, GPS
coordinates, and the outcome of the most recent reminder. This suggests that
simpler models are almost as effective for users that are willing to share personal
information, such as location data, with the Virtual Coaching system.
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7 Conclusions and Future Work

Initial results show that we can accurately predict repositioning exercise compli-
ance given a set of fairly common sensors embedded in a power wheelchair. The
spectral Hidden Markov Model leverages Markovian information about the past
in a framework that has many desirable theoretical and practical qualities. On
the other hand, the decision tree model is computationally very lightweight, and
presents an easily understandable graphical representation of the model. The
tradeoffs of these two methods means that each may be preferred to the other
under certain conditions.

We are currently in the process of designing a new Virtual Coach system
that runs on a user’s smartphone and requires very little effort to install the
system in a commercial power wheelchair. We are working to incorporate the
predictive capabilities presented in this paper in an intelligent reminding system
to be made available to end users. Some additional work is necessary to use
a prediction algorithm in an intelligent reminding system. First, the intelligent
system must balance an exploration/exploitation trade-off when deciding when
to remind. For instance, a user may be in a context in which they are likely, but
not guaranteed, to respond to a reminder, but we may find more optimal condi-
tions for reminding in 10 minutes time. Questions related to the human interface
design of the intelligent system must also be considered to guarantee that users
continue to feel in control of the technology when it is making decisions.

By using machine learning to monitor and alter users’ pressure relief habits,
we have the potential to prevent thousands of occurrences of pressure ulcers every
year. The cost saving nature of this technology will also make it desirable for
insurance companies and healthcare organizations, which could lead to faster
adoption of the technology and improved outcomes for the millions of power
wheelchair users in the world.
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