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Abstract. This work describes a first attempt to apply time-series forecasting
analysis to health historical data in order to perform prediction of early pathological signs within telehealth applications, such as the Ambient Assisted Living environments for the elderly. A benchmark of state-of-the-art learning
methods were applied to a set of artificial time-series data, simulating hypertensive patient profiles, based on blood pressure measurements. Results provided a
fair proof of our initial hypothesis. Based on this first experimentation, our
plans are to further investigate these findings in real –life or lab settings with
seniors, thus proving the usefulness of time-series forecasting as a monitoring
tool and an early prognosis mechanism in telehealth systems.
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Introduction

Senior citizens suffer nowadays from a wide variety of chronic conditions that reduce their independency level and deteriorate their health status [1]. This often happens due to the fact that they do not receive timely health assessment. In most of the
cases this happens because any change is considered as part of the natural ageing
process; seniors also tend to omit admitting they have a problem, or even of their fear
of being institutionalized [2]. Early prediction of abnormal variation of health parameters may lead to early diagnosis of chronic diseases and subsequently to better
medical decision-making and planning.
In this respect technology has much to offer the elderly. Recent technological advances resulted in the equipping of home environments with a plethora of sensors that aim
to improve the seniors' quality of life and increase their independency by providing
alerts in case of emergencies while increasing their socialization [3]. These approaches provided significant results in cases of fall detection, inappropriate use of electricity devices, estimation of participant’s functionality, etc. [4]. However, they have
mainly focused on the detection of life-threatening acute events and they neglected
the significance of slow-varying trends that may influence the health status of senior
citizens [5] at a later time.
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Time series analysis is a methodology that provides: i) pattern recognition of historical data (detection of frequent types of sequences) and .ii) forecasting of future values
based on historical trends. There are several time-series forecasting methods known to
the literature, such as exponential smoothing [6], Box-Jenkins seasonal ARIMA models [7] and neural networks [8].
In this paper, we aim to showcase the use of several state-of-the-art machine learning
algorithms, such as Gaussian Processes, Artificial Neural Networks (ANNs), Support
Vector Machines (SVMs) and Box-Jenkins ARIMA models, with a set of artificially
developed scenarios, relevant to patient models with high risk of hypertension. Our
hypothesis is that one can take advantage of existing time-series forecasting methodologies to identify health trends over time and predict early signs of health deterioration, based on historical sets of health measurements and events.
The ARIMA model has advantages in its well-known statistical properties and effective (linear) modeling process. However, it may not work well in the presence of
nonlinear relationships. In contrast, support vector machines and artificial neural
networks time series models can capture the historical information by nonlinear functions and thus could prove to be efficient time series forecasting methods because of
their flexible nonlinear mapping ability and tolerance to complexity in forecasting
data.
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Materials and Methods

In order to benchmark the forecasting methods a number of artificial scenarios
were created. These concerned the simulation of day-to-day variation of diastolic
blood pressure. Blood pressure is a prerequisite to monitoring seniors’ physical health
status progress or deterioration. This clinical parameter is very important since by
monitoring it over a period of time it is possible to identify future risky health situations, such as hypertension. These situations may subsequently lead to a plethora of
health problems, such as a sudden stroke episode or cardiovascular disease. Based on
norms, an individual is hypertensive if he or she experiences repeatedly an elevated
blood pressure exceeding 140 (systolic) and over 90 mmHg (diastolic).
The test data set consists of ten cases that reflect high risk profiles of seniors. The
scenarios are produced randomly using a normal distribution with a mean diastolic
blood pressure value nearly at the physiological margin of 80 mmHg and standard
variation varying from 1 to 3.
The synthetic data were formed based on a priori knowledge derived from international norms, thus corresponding to hypertensive patient profiles. Specifically, the
instances were modeled as a Gaussian process with a standard mean value and variability. The larger the variability the nosier the time-series is. The algorithms were
tested under small, medium and high variability rates, so to provide cases of gradual
forecast difficulty.
In order to perform time-series forecasting we have used well known machine
learning methods and employed their existing implementations within publicly available AI suites such as WEKA [10] and Phicast [9]. More specifically, from the
WEKA suite the following learning methods have been applied: GaussianProcesses
(kernel: RBFKernel with gamma parameter set to default value 0.01), SMOreg (ker-
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nel: RBFKernel with gamma parameter set to default value 0.01) and finally
MultilayerPerceptron (all parameters set to the default values). The parameters of the
ARIMA model were selected as follows: p=1, d=1, q=1, resulting to a ARIMA(1,1,1)
model.
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Experimentation and results

The experiments compare predicted values with test data provided by the random
artificial scenarios. Initial scenarios were split to two sets: one training set used for
learning, which consisted of 50 instances and a second one which served as the test
set for the evaluation of the forecasting methods. All instances represent measurements taken ideally on a daily basis.
Two experiments were conducted. Firstly, the ARIMA method alone was employed to forecast future value ranges and then the rest methods were applied to the
same data sets to predict single future values. In the first case the metric used for the
evaluation of the method is the accuracy of the prediction calculated as percentage of
the correctly predicted ranges that the actual value was included and the total amount
of the test set. In the second case, the following standard metrics are calculated: the
Mean Absolute Error (MAE) and the Root Mean Squared Error (RMSE).
An indicative result of the ARIMA prediction algorithm is depicted below (Fig. 1).
Average prediction accuracy resulted to 91.2%.

Fig. 1. Forecast Range vs Actual Values of Diastolic Data (95% prediction intervals)

Table 1 summarizes the evaluation results of the forecasting learning methods As
shown GaussianProcesses learning algorithm provides the least error-prone analysis
among the three. Neural Nets provided the worst forecasting results.
Table 1. Benchmark results of the tested forecasting algorithms

Learning Method
GaussianProcess
SVM
Neural Network
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Mean Absolute Error (MAE)
1.798633
2.005342
6.061283

Root Mean Squared
Error (RMSE)
2.292558
2.523508
7.126667

Discussion

In this paper, time-series forecasting was employed to identify early pathological
symptoms based on historical measurements. The clinical utility of forecasting (e.g.
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vital signs) is of major importance in order to avoid hospitalization and alleviate the
socioeconomical burden for caring, while it may improve significantly life quality of
senior citizens.
Box-Jenkins ARIMA forecasting provides relatively accurate short-term forecasts
regarding future ranges of the monitored variable (blood pressure). SVMs and
GaussianProcessess can provide relatively fair near-future predictions. Preliminary
results on artificial data partially support our initial hypothesis. However, there are
several issues that set limits to the aforementioned results.
AI techniques were applied just in univariate time-series, whereas in most real-life
health problems that elderly people suffer from, tend to be multifactorial. This means
that forecasting a single parameter may not provide sufficient indications of early
disease, since it needs to be investigated under its temporal relation with associative
factors/parameters. Another limitation when it comes to real-life applications is that
these methods require a larger amount of data than may be available within smart
home environments; especially where a small set of unobtrusive sensors will be available. Also sensor failure may lead to missing data. In order to overcome, such problems several data imputation techniques may be applied [11].
Future plans of this research include among others: the setup of pilots, where actual
sensors will be placed within a lab setting [13] and several seniors will be recruited to
perform daily life activities for a long enough period so to gather enough historical
data.
The forecasting output will be adaptive in terms of the size of the temporal window
in order to facilitate the expert to estimate the possibility of both short-term events
and long-term future trends. Furthermore, each actual/predicted instance will be
mapped to normal or abnormal class and the classification accuracy will be calculated
based on whether forecasting methods can predict the onset of a pathological condition at an early stage.
Time-series forecasting could be ideally employed within the context of an ambient
assisted living environment, providing answers as whether we could detect transition
patterns indicative of future health deterioration or timely estimate chronic alterations
in the presence of outliers that may be either due to system (sensors) failure or to
acute events. Combining seniors’ health profile and time-series forecasting analysis,
an intelligent Ambient Assisted Living environment would be able to propose the
adoption of optimal lifestyle patterns according to the user’s needs (acting proactively). This strategy could combine various non-pharmacological interventions (affective/cognitive/exer-games), alterations to the diet and/or some simple advice regarding a healthier lifestyle.
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Conclusion

The reason that motivated us to use time-series forecasting methodologies is that
telehealth monitoring should be able to detect apart from rapid deterioration states or
life-threatening situations also slow-varying chronic conditions and provide early
prognosis. More specifically, cases such as the geriatric depression or cognitive decline are characterized by a gradual impairment that may last for years and will be
hardly noticed by the seniors or their carers, except for late stages where the outcomes
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of the disease remain irreversible [12]. Initial experiments with artificial data provided encouraging results. However, real-life experimentation will give us the chance to
further fine-tune existing prediction algorithms and evaluate time series forecasting
on the basis of its accuracy in the health monitoring field of use.
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