2017 IEEE International Conference on Bioinformatics and Biomedicine (BIBM)

Early Illness Recognition in Older Adults Using
Transfer Learning
Rayan Gargees
Electrical and Computer Engineering
Department
University of Missouri-Columbia
Columbia, Missouri, USA
rsgxc9@mail.missouri.edu

James Keller
Electrical and Computer Engineering
Department
University of Missouri-Columbia
Columbia, Missouri, USA
KellerJ@missouri.edu

Abstract—Predicting early signs of illness in older adults by
utilizing a continuous, unobtrusive nursing home monitoring
system has been shown to increase the quality of life and decrease
the cost of care. Illness prediction is based on sensor data such as
motion and bed and uses algorithms such as support vector
machine (SVM) or k-nearest neighbor (kNN). One of the greatest
challenges in developing prediction algorithms for sensor
networks is utilizing knowledge from previous residents for
predicting behavior in new ones. In this paper, we employ a
transfer learning approach for addressing the cross resident
training problem. We validate our method by conducting a
retrospective study on three residents from TigerPlace, a
retirement community in Columbia, MO, where apartments are
fitted with wireless networks of motion and bed sensors. The
ground truth, the daily presence or absence of the illness, was
manually evaluated using nursing visit reports from an homegrown electronic medical record (EMR) system. In this study,
transfer learning SVM approach outperformed other three
methods, regular SVM, one class SVM, and one class kNN,
resulting in average areas under the curve (AUCs) of 0.74, 0.52,
0.60 and 0.62 for three residents, respectively.
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rate (low/high) and respiration (low, high). The data provided by
these sensors is securely sent to an off-site level 4 database. The
sensor information may be visualized over a web interface by
TigerPlace clinical personnel.
The sensor data capture behavior and physiological
information about the resident that is then linked to existent
medical records from the TigerPlace EMR. The days in which
an EMR nursing report described some resident complaint were
named "negative" or ‘‘abnormal’’ (i.e. they reported some health
problem that could be linked to an abnormal behavior). The days
for which no EMR report was found, were denoted as "positive"
or ‘‘normal.’’ While this is somewhat a rough estimate of the
abnormal behavior, it was the only one available at that time.

As US population is aging, there has been a significant
increase in development of health monitoring technology. Also,
the likelihood of developing a health problem increases as
people age. In the same time, many older adults in the US prefer
to live independently for as long as they are able, despite the
starting of conditions such as frailty and dementia and risk of
falling that require increased attention and monitoring [1,2].
Sensor networks installed in the home have emerged as a viable
solution for aging in place.

The main goal of this work is to detect early illness by
predicting abnormal (negative) behavior that may be associated
with it. To this end, we train several classifiers using sensor data
to predict abnormal behavior. While training/testing a classifier
with data from only one resident (apartment) provides
reasonable results [5], it is not a realistic approach since when
we deploy a new sensor network we need the algorithm to
provide reasonable results based on previous training data. Our
training approach has two challenges: first, the dataset is
strongly imbalanced (typically not many abnormal event labels
available) and, second, the distribution of the training data may
be quite different among the various residents due to their
behavior and their diseases. To overcome these problems, we
investigate a solution based on transfer learning. We compare
our new solution based on transfer learning method with three
other methods, a regular support vector machine (SVM)[6], and
two one class classifiers: a support vector domain data
description (SVDD), and k-nearest neighbor data description
(KNNDD) [7].

Our living lab is called TigerPlace [3, 4], an aging in place
facility in Columbia, Missouri. 60 apartments at TigerPlace have
been fitted with sensor networks that include motion sensors,
bed sensors, and depth camera since 2005. In this work, we only
use data from bed and motion sensors (PIR) deployed in various
apartment location such as bathroom, bedroom, kitchen and
living room. The motion sensors provide information related to
the resident activity around the apartment. The bed sensor
provides information on bed motion (low, medium, high), heart

Traditional supervised machine learning techniques depend
on the assumption that the training data and test data are drawn
from a similar probability distribution and that the classification
task is the same for both datasets [8]. However, in practice, it is
often necessary to relax this assumption and consider the test
information to have an alternate probability distribution or to
permit the classification task to change. In this situation,
traditional machine learning techniques often fail to classify the
test data. Based on motion and bed sensor data from a particular
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resident of TigerPlace, a model can be learned to predict the
present activity occurring in his/her home. However, the model
may then be tested with a different resident, in a different home,
or with different activity labels. If the model is not modified to
the new situations, the prediction accuracy will drop
significantly. Transfer learning techniques have been proposed
to handle these types of situations. The motivation of transfer
learning is that the knowledge learned previously could be
applied to solve a new problem with better or faster solution. In
the field of machine learning, transfer learning has many
benefits such as saving time to learning new tasks, requiring less
information from the experts, and making the learned model
more robust [8].
II. METHODOLOGY
The idea of transfer learning has many definitions, but the
shared component of all of them is that the learning procedure is
enhanced by using extra information other than the source
dataset. In each transfer learning algorithm, a source task is
related to source domain, and target task is linked to the target
domain. The procedure for transfer learning system needs two
steps: first, learning the source task, second, transfer and use the
knowledge from the first step to improve the learning of target
task [9,10].
In regular linear SVM, the label of a data vector  ݔis
determined by the sign of a linear decision function, i.e., ݕො ൌ
݊݃ݏ൫݂ሺݔሻ൯ ൌ ݊݃ݏሺݓ ் ݔሻ , where  ݓൌ  ሼݓ ሽெ
ୀଵ are the model
parameters. Training a linear SVM classifier involves the
following optimization problem:
்
݉݅݊ఠǡ ԡݓԡଶ   σே
ୀଵ ሺͲǡͳ െ ݕ ሺݔ ݓ  ܾሻሻ

(1)

where w is the perpendicular to the separating hyperplane and
the scoring function which predicts the label of the test sample
ݖ is ݂ሺݖ ሻ ൌ ݊݃݅ݏሺܼ ் ݓ ሻǤ The ԡݓԡଶ term encourages margin
maximization and the other term, hinge loss σே
ୀଵ ሺͲǡͳ െ
ݕ ሺݔ ் ݓ  ܾሻሻ determines the location of the separating
hyperplane by minimizing the misclassification error. The
hyperparameter C controls the tradeoff between margin
maximization and hinge loss.
Transfer learning support vector machine is a model based on
transfer regularization formulations with adaptive SVM [11,12]
which was introduced for adapting SVM classifiers for new
domains. The key idea is to learn from the source model ݓ௦ by
s
regularizing the distance between the learned model w and w .
The classifier is linear and is indicated by a format vector w,
with a scoring function ݔ ் ݓ, where x is the feature vector. At
that point the task is to learn w for the target group using a few
training instances ݔ , and the source group detector  ݓ௦ . The
formulation is:
ܮ ൌ ݉݅݊௪ǡ ԡݓ

െ ʰ ݓ௦ ԡଶ



 ܥσே
ୀଵ ݉ܽݔ൫Ͳǡͳ

െ

ݕ ሺݔ ் ݓ

 ܾሻ൯ǡሺʹሻ

where ʰ controls the measure of transfer regularization, C
controls the weight of the loss function, and N the number of
samples. The main difference in this formulation is the use of
squared loss instead of hinge loss [13,14]. Even though squared
loss is more sensitive to outliers, it also provides an analytic least
square solution for the objective. Furthermore, it enables
efficient leave-one-out cross validation which is used for
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optimization of the hyperparameter ʰ, the amount of transfer.
Intuitively transfer regularization for an SVM is like a spring
between ʰ ݓ௦ and  ݓ, and is equivalent to providing training
samples from the source class. The transfer can also be
understood by expanding the regularization term. Assume that
 ݓ௦ is l2 normalized to 1 then
ԡ ݓെ ʰ ݓ௦ ԡଶ ൌ ԡݓԡଶ െ ʹʰԡݓԡ  ߴ  ʰଶ ǡ

(3)

ԡݓԡଶ

where
provides the ‘‘normal’’ SVM margin maximization
and െʹʰԡݓԡ ܿ ߴ ݏinduces the transfer by maximizing ܿ ߴ ݏ,
i.e. by minimizing the angle ߴ between the  ݓ௦ and [ ݓ15].
However, the term െʹʰԡݓԡ ܿ ߴ ݏalso encourages ԡݓԡto be
larger (as this reduces the cost) and this prevents margin
maximization. Thus ʰǡ which should define the amount of
transfer regularization, becomes a tradeoff parameter between
margin maximization and knowledge transfer.
Support Vector domain Description algorithm by [16] is also
used in this paper to be compared with transfer learning SVM.
SVDD can be used for outlier recognition. A spherically shaped
decision boundary around an arrangement of objects is built by
a set of support vectors describing the sphere boundary. It has a
likelihood of changing the information to new feature spaces
without much extra computational cost. Of a data set containing
N data objects, {xi, i = 1,…,N}, a description is required. We try
to find a sphere with minimum volume, containing all (or most
of) the data objects. This is extremely sensitive to the most
outlying object in the target data set. When one or a couple of
remote objects are in the training set, a huge sphere is obtained
which will not characterize the data very well. Therefore, we
allow for some data points outside the sphere and introduce
slack variables ȟ (analogous to [16]).
The formulation below is to maximizing concerning ߙ :
 ܮൌ σ ߙ ሺݔ Ǥ ݔ ሻ െ σǡ ߙ ߙ ሺݔ ݔ ሻǡ

(4)

with constraints Ͳ  ߙ  ܥǡ σ ߙ ൌ ͳ ,where ߙ  are the
Lagrange multipliers. The inner products of objects ሺݔ ǡ ݔ ሻ can
be substituted by a kernel function ܭሺݔ ǡ ݔ ሻ, when this kernel
K(xi, xj) satisfes Mercer's theorem. This implicitly maps the
objects xi into some feature space and when a suitable feature
space is chosen, a better, tighter description can be acquired. No
explicit mapping is required, the problem is expressed totaly in
terms of ܭሺݔ ǡ ݔ ሻ . Therefore, all inner products ሺݔ ǡ ݔ ሻ is
substituted by a proper ܭሺݔ ǡ ݔ ሻ. and the problem of finding a
data domain description is now given by
 ܮൌ σ ߙ ܭሺݔ Ǥ ݔ ሻ െ σǡ ߙ ߙ ܭ൫ݔ ݔ ൯ǡ

ሺͷሻ

with constraints Ͳ  ߙ  ܥǡ σ ߙ ൌ ͳ . A test object  ݖis
accepted when
ܭሺݖǡ ݖሻ െ ʹ σ ߙ ܭሺݖǤ ݔ ሻ  σǡ ߙ ߙ ܭ൫ݔ ݔ ൯  ܴଶ ǡ

(6)

Different kernel functions K result in different description
boundaries in the original input space. In this paper radial basis
function kernel, RBF is used.
The third method that we used in this paper for comparison
to our transfer learning SVM approach is the k-nearest neighbor
data description, KNNDD [7], which is a one class classifier
version of kNN. In its simple version, just the distance to the kth nearest neighbor is utilized. In the one-class classifier

݂ேேೝ ሺݖሻ ൌ ܰܰ ௧ ሺݖሻ ൌ  ܫ൬

ฮ௭ିேேೝ ሺ௭ሻฮ
ฮேேೝ ሺ௭ሻିேேೝ ሺேேೝ ሺ௭ሻሻฮ

 ͳ൰Ǥሺሻ

This means that the distance from object z to its nearest
neighbor in the training set ܰܰ ௧ ሺݖሻ is compared to the distance
from this nearest neighbor ܰܰ ௧ ሺݖሻ to its nearest neighbor.
III. DATASETS

B. Real world data set
Sensor data of three residents from TigerPlace is considered
in this paper as shown in the Table I. We mention that in addition
to the sensor data we have available all the clinical records
(medication, nursing visits, hospitalizations, etc.) for these
residents. The labeling of each day ("good" vs. "bad"), which
represents the ground truth, was performed manually by the
authors based on the nursing visit reports and other clinical
records. Figure 2 shows three feature (3D) visualization of
Resident1 data.
DATA FOR THE THREE RESIDENTS IN TIGER PLACE

Resident NO

Total
records

Positive
(feel good)
days

Negative
(feel bad)
days

Resdident1

441

360

81

Resdident2

744

709

35

Resdident3

499

164

335

10

Source Data

10

d2

d2

0

0

-5
-5
-5

0

5

d1

10

-10
-11

0

-5
10
0

Restlessness

-10

-5

0

5

10

Motion

Fig. 2. Normalized data of Resident1 for the day (left) and night (right).

-10

-9

TigerPlace [3, 4] is an independent living facility for seniors
planned and created because of a joint effort between Sinclair
School of Nursing, University of Missouri and Americare
Systems Inc. of Sikeston, Missouri. An essential objective of
TigerPlace is to help the inhabitants not only deal with their
sicknesses but also remain as healthy and independent as
possible. Each resident included in the study has a data logger in
his or her apartment that collects data from wireless sensors. The
data logger date time stamps the data, and logs them into a
document that is sent to a database on a protected server via a
wired network connection. The sensor network comprises of a
few sorts of sensors mounted in various places throughout the
residents’ apartments, counting motion sensors, bed sensors, and
stove temperature sensor. The motion sensors are set in various
spots, such as bedroom, bathroom, kitchen, living room, etc. and
some of the residents have this sort of sensor installed on the
door of the refrigerator, kitchen cabinets, and even drawers.
They capture resident movement over his/her apartment by
producing a signal as often as there is movement around them.
The bed sensors are in certainty sets of sensors, made out of a
pneumatic sensor strip over the bed and a motion sensor attached
to the bed headboard.
The sensor strip and motion sensor joined to the bed are
connected, and they work likewise to the motion sensors
mentioned before: they fire as long as they identify action.
Unlike the motion sensors, the bed sensor strip catches three
types of activities, which are organized on three or four levels of
severity. Early illness recognition depends on the intuition that
if the resident does not feel well, his/her sleep and motion
patterns are altered. In this study, we used four features to
represent the resident behavior: the total number of firings for
motion, bed restlessness, pulse rate and breathing sensors,
respectively, for every hour of the day preceding the nursing
report (considered at 12 pm). The number of features was
doubled by splitting them in day and night.
Data processing was as follows. First, we aggregated the
sensor data; features 1-4 were the sum of sensor data for the
night hours (7pm-7am); features 5-8 where the sum of the sensor
data for the day hours (7am-7pm) and represent the sensor
activity prior a nursing visit. Then, the data is normalized for the
three residents, after that, the data is passed through a transfer
learning SVM algorithm described in section II. In this case, the
user is prompted to control the amount of knowledge want to be
transfer and the weight of the loss function by changing ʰ and C
values respectively. The other three algorithms which are also

Target Data

5

5

5

IV. SYSTEM ARCHITECTURE AND IMPLEMENTATION

A. Synthetic data set
For the synthetic data set, we chose the case where the target
data set lies mostly in a different distribution than a source data
set from which we want to enable knowledge transfer. To
simulate this scenario, we generated two imbalanced data sets, a
source, or training, data set, and a target, or testing, data set. To
generate data we randomly sampleD 500 and 200 source points,
each from simple 2D Gaussian distributions. The first class with
a mean (2,3), the second with a mean (6,3) and both with
covariance matrix ((1,1.5),(1.5,3)). For the target data set we
generated more imbalanced data with 500 and 50 points for the
first and second class respectively. The first class with mean (10,0), the second with mean (-9,0) and both with covariance
matrix ((0.05 ,0.1),(0.1 ,8)) as shown in Fig. 1.

TABLE I.

Resident1-Day

Pulse Rate

KNNDD, a test object z is accepted when its local density is
larger or equal to the local density of its (first) nearest neighbor
in the training set ܰܰ ௧ ሺݖሻ ൌ ܰܰଵ௧ ሺݖሻ. For the local density
estimation, k = 1 is used [7]:

-8

d1

Fig. 1. Synthetic data sets: source (left), target (right).
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described in section II are applied to be compared with our main
algorithm.

TABLE II.

V. EXPERIMENTAL RESULTS
A. Experiments on the synthetic data set
The main goal of this work was to determine the
practicability of using transfer learning SVM for early illness
recognition based on the sensor data by using training data from
another resident. First, we experiment transfer learning SVM
algorithm with our synthetic data which is imbalanced and has
a different distribution of the source and target data. The ROC
obtained by classifying each target data set is shown in Figure
3. From Figure 3 we see that the transfer learning SVM
approach outscored the other three classifiers. The AUC was
0.998 for Transfer learning SVM while it was 0.915, 0.988 and
0.994 for the Regular SVM with RBF kernel, SVDD, and
KNNDD respectively.

AMOUNT OF TRANSFER KNOWLEDGE VERSUS AUC

Bad Day knowledge
transfer
1 (3%)
2 (6%)
3 (10%)
7 (20%)
11 (30%)

0.7648
0.7646
0.7647
0.7646
0.7647

14 (40%)

0.7647

17 (50%)

0.7647

21 (60%)

0.7647

AUC

Fig. 4. ROCs curves for transfer learning SVM comparing with Regular SVM
with RBF kernel, SVDD, and KNNDD classifiers run on sensor data from
resident 3 after training at resident 1 in TigePlace.
Fig. 3. ROCs curves for transfer learning SVM comparing with Regular SVM
with RBF kernel, SVDD, and KNNDD classifiers run on synthetic data.
TABLE III.

B. Experiments on the real data set
For the real world data set, we run a set of experiments to
determine the best percentage of data that we need to transfer
from the target to the source. Table II shows that the AUC
increases as a number of knowledge increases then it stop
increasing after reaching 10% of bad day data. The ROC
obtained by classifying resident3 after training on resident1
using transfer learning SVM algorithm is given in Figure 4. For
comparison, we also show the ROCs curves obtained for the
same data Regular SVM with RBF kernel, SVDD, and
KNNDD classifiers. It is clear that transfer learning is
outperforming the other three methods. The AUC for transfer
learning SVM was 0.765, while it was 0.52, 0.44 and 0.55 for
Regular SVM with RBF kernel, SVDD, and KNNDD
classifiers, respectively.
Table III illustrates the rest of combinations by considering
specific resident as training data and testing on another one.
Then the average over all train/test combinations is shown for
all methods in the last line of Table III. The best average was
obtained for the transfer learning SVM algorithm.

1015

Resident
Train>>Test
Res1 >>Res3
Res2>>Res3
Res1>>Res2
Res3 >>Res1
Res3>>Res2
Res2>>Res1
Average

AUC RESULTS FOR THE ALL COMBINATION RESIDENTS
AUC
Transfer
Learning
SVM

AUC
Regular
SVM

AUC
SVDD

0.765
0.799
0.708
0.653
0.838
0.66
0.737

0.52
0.52
0.64
0.39
0.45
0.61
0.52

0.44
0.43
0.70
0.71
0.71
0.64
0.60

AUC
KNNDD

0.55
0.48
0.71
0.72
0.63
0.65
0.62

VI. CONCLUSION
With the help of three resident case studies, we showed that
the presented early illness recognition method based on transfer
learning performs much better compared to individual resident
learning, even with very few target instances are available. The
performance of transfer approach increases when additional
target instances are added, but it will stop increasing after a
certain limit. Since data labeling is difficult in real elder care

setting such as TigerPlace, transfer learning could help train
illness recognition classifiers across residents. Using transfer
learning SVM, we could detect early signs of illness in elderly
residents of TigerPlace based on unobtrusive monitoring
sensors. The recognition of early signs of illness might help
nursing staff provide interventions that hat may anticipate grave
clinical events such as heart attacks or strokes.
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