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Abstract
We report results from a pilot study that focuses mainly on
understanding the everyday life quality of patients suffering
from multiple sclerosis through the lens of connected Nokia
Health devices. Our dataset comprises of 198 individuals
(184 females and 14 males) and the study lasted over six
months. By analyzing carefully crafted user-studies and
correlating with personal sensor data collected with Nokia
devices, we found that the level of fatigue is one of the main
sources of discomfort across the majority of the patients.
We further perform an exploratory analysis, which provides
an early indication that by actively monitoring and perturbing users’ daily activity levels, such as increasing daily stepcounts, sleep duration and decreasing body weight, patients can potentially reduce their daily fatigue level.
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Introduction
Multiple Sclerosis (MS) is a disease of the nervous system,
where the protecting layer of the nerve cells in the brain

Figure 1: Nokia devices used: (a)
Activity Tracker Watch collects
number of steps, walking speed
and distance, number of calories,
sleep duration, light and deep
sleep, (b) Aura Sleep Tracker
records sleep duration, rapid eye
movement, light and deep sleep,
time awake at night, time to fall
asleep, number of times awaken,
time to be awake, bed in time, bed
out time, nightly heart rate and
respiratory rate, (c) Scale
measures weight, body fat and
water percentage, muscle mass
and bone mass, (d) Health Mate
App provides users’ access to data
and periodic questionnaires.

or in the spinal cord are damaged, resulting in a varying
degree of physical, mental and psychological problems in
patients. MS is a lifelong condition and can potentially be
very serious, causing severe disability. The disease is found
to be two to three times more common in women than men
and currently over hundred thousand people are estimated
to be affected by it in the UK alone. Patients suffering from
severe MS often require long term health monitoring and
support in their daily lives. Constant medical monitoring
adds a significant cost to the healthcare system. Health
clinic monitoring also adds difficulties in patient’s personal
life by requiring frequent visits to the health centre. One potential way to better understand patients’ symptoms is to
use wearable devices to monitor aspects of patient’s life,
such as quality of sleep, amount of daily locomotion, and
variation of Body Mass Index (BMI) over time. Patient’s history would provide additional insights to the medical professionals to tailor a better treatment to the individual patient.
Towards this goal, we perform a pilot study of a number
of patients suffering from various degrees of MS. Specifically, we monitor patients’ everyday lives with Nokia devices
and periodically run carefully crafted user studies to understand the sources of discomfort in their lives. In addition to
performing basic correlation analysis between the survey
dataset and the sensor data collected using the connected
devices, we tried to understand how subtle everyday behavior changes could result in a better life quality, e.g., decreasing the fatigue level of a patient. In our analysis, we
first perform a statistical analysis to understand dependencies across sensor measurements, then we model patients’
fatigue levels using Deep Neural Networks (DNNs), and finally we study how to recommend statistically meaningful
actionable feedback to improve patient wellbeing through
input exploration on the learned DNN.

Related Work
Personal wearables have augmented clinical studies by
allowing real-time and unobtrusive sensing of medical attributes. Patients are becoming comfortable with personal
wearables, allowing not only the measurement of physical
attributes, but also capturing individual and social activities [1]. DNNs are becoming popular within health analytics
research and have been successfully used in predicting the
chance of achieving personal weight objectives [2], and aggregate user statistics, e.g., ranking across population, in a
privacy sensitive manner [3]. Wearable sensors have also
been used to remotely assess the level of mobility impairment, common in patients suffering from MS, by continuously monitoring their gait outside health clinics [4], and to
enable the study of the effects of stress on MS patients [5],
enabling the creation of remote tools to decrease patients’
stress levels to improve their quality of life.

Data Collection
Our pilot study comprises of 198 patients (184 female and
14 male) and spans a period of six months. At the beginning of the study we provided all patients with the Nokia
Health devices to monitor their health attributes (c.f., Fig. 1’s
caption for a comprehensive list) via the Nokia Activity
Tracker Watch, Aura Sleep Tracker and Scale, as well as to
provide them with a set of daily, weekly and monthly questionnaires, with filling time of 10sec, 2min and 1min, regarding their wellbeing through the Nokia mobile app. The questionnaires were used to track a number of life qualities including fatigue level, ability to sleep well, walking difficulties,
capacity to perform self-care, ability to perform usual activities, levels of pain or discomfort, anxiety or depression,
general quality of life and treatment adherence. These short
questionaries, filled in by each patient, provide qualitative
subjective information about their perceived well-being. For
each user we also collected a number of static informa-
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Figure 2: Histogram of users
contributing data to the pilot study
via the Nokia Activity Tracker
Watch, Aura Sleep Tracker and
Scale, illustrating a condensed
view of the variability of device
usage across users, plotting the
number of users versus the
number of device measurements
(specifically, each one device
aggregates its daily measurements
into one record per day which we
henceforth refer to one device
measurement), where the red line
in the figure denotes the median of
the users across the number of
device measurements, which
thereby separates high frequency
users from low frequency ones. In
particular, it can be seen that the
majority of the users used the
Nokia devices frequently
throughout the study.

tion such as gender, age category, the type of MS, the level
of mobility impairment and comorbidities across patients,
which serve to augment the feature space of the dataset.
Timely responses to the questionnaires and aggregated
sensor measurements over each day, form the core of our
study dataset. As can be seen from Fig. 2, most users use
their health devices regularly over the period of six months,
contributing hundreds of daily measurements, which translate to a good daily coverage across users providing a rich
raw dataset to perform our statistical analysis.

Analysis and Results
We now briefly present the key findings from our pilot study
and then provide details of our analysis and evaluation results. Our main findings can be summarised as follows:
• We focussed on understanding the impact of daily
activities on the fatigue level of patients suffering from
MS, as it is one of their main sources of discomfort.
• The level of fatigue shows a significantly positive correlation with body weight and BMI, and negative correlation with daily step counts and walking speed.
• Via DNNs we show how to perturb users recent daily
activity patterns, to recommend subtle lifestyle changes,
in order to potentially reduce their fatigue levels.
We aggregated the raw data into input and target pairs
{(x(i) , y (i) )}ni=1 , x(i) ∈ Rl , y (i) ∈ {0, 1, . . . , m − 1}
for supervised classification learning and stratified (based
on user anonymised hash identification, gender and age
category features as well as the target fatigue scores) into
training (about 90%) and test (roughly 10%) sets. Given the
small number of male users, namely 14, and that the test
set contains roughly 10% of the total data, the generalisation capabilities of our analysis should be understood to
apply mainly to female patients. Using this dataset we focus
on understanding correlations between everyday activities

of patients with their reported fatigue levels, and on exploring the predictive power of DNNs to understand potential
effects of actionable health recommendations.
Correlation Analysis
The correlation analysis on the training set aims to identify pairs of variables that show positive or negative coevolution. We use Pearson coefficients with p-values for the
analysis. As the target variable we use the level of fatigue
reported by the patients. We found that fatigue level correlates positively with the body weight (ρ = 0.24, p  0.01),
positively with the BMI (ρ = 0.2, p  0.01), negatively with
the steps (ρ = −0.14, p  0.01) and negatively with the
walking speed (ρ = −0.12, p  0.01). Further study is
required to understand if causal relation exists or not.
Predictive Modeling
For predictive inference we model the relationship between
the input features and the target scores with a DNN having
a softmax non-linearity at the output layer fDNN (x; θ) ∈
Rm , θ ∈ Rk via ypred (x; θ) := argmaxj {[fDNN (x; θ)]j },
and minimise the cross-entropy between a one-hot encoding of y (i) onto Rm and fDNN (x(i) ; θ), via mini-batch gradient descent across the samples in the training folds generated in cross-validation (stratified via user anonymised
hash identification). After the optimal model is obtained via
cross-validation, resulting from θ initialisation and hyperparameters optimization, then a new model instance is
trained on the entire training set. Once this last training is
concluded, the final θ ∗ is stored. After θ ∗ is selected, the
test set is then used to assess the predictive quality of the
final model. Having trained fDNN (x; θ ∗ ) to predict the overall fatigue level ypred (x; θ ∗ ) of a user given activity data
x collected using his/her Nokia devices, the trained DNN
allows us to make perturbations in the input space and
measure the overall fatigue prediction level that the user

Figure 3: Illustration of the
variation of the expected value of
the predicted fatigue (1) (y-axis)
across different local optimum input
perturbations δ ∗T1 (x-axis) along
different one-dimensional
subspaces, namely along the sleep
feature (up) and along the BMI
feature (down). The results
translate into insight for potential
life-style recommendation effects of
perturbations on the expected
fatigue level across patients from
T2 .

would have if he/she would have had slightly different activities. This minor variation in routine would then be quantified
and returned to the user as a form of actionable feedback.
Note that we partition the test set T into two disjoint halves
T = T1 ∪ T2 (stratified) for proper assessment of the generalisation capabilities of the input perturbation analysis.
Namely, we explore various perturbations in only the first
half T1 and (having chosen the final input perturbations)
assess the impact of the perturbation only on the second
half T2 . This methodology lends itself to consider perturbations δ ∈ Rl , and study those perturbation which achieve
a decrease in the expected value of the predicted fatigue,
namely Ex∈T1 {ypred (x + δ; θ ∗ )} ≤ Ex∈T1 {ypred (x; θ ∗ )}.
Once different final perturbations are chosen, we check
how those small perturbations, which correspond to minor
changes in the users lives affect their fatigue levels. Note
also that δ 7→ Ex∈T1 {ypred (x + δ; θ ∗ )} may have very
many local minima, and that the minimisation of this objective function becomes increasingly difficult as the number
of features becomes larger, i.e., l  1. For this reason, we
manually select only a few relevant features, and consider
only the relatively small subspaces of Rl spanned by those
features. Note that since the correlation analysis done was
based only on the training set, we can, without any bias
risk, use the correlation results to have a heuristic sense of
what could be good choices for the selected features, which
limits the search space and makes the minimisation efficient. Once the minimisation is complete based on the test
subset T1 , locally optimal perturbations δ ∗T1 are kept. For
generalisation assessment, we consider the separate test
subset T2 , and evaluate the expected fatigue level

Ex∈T2 {ypred (x + δ ∗T1 ; θ ∗ )}.

(1)

Examples of such changes in activities and their effects on
the expected fatigue levels are shown in Fig. 3, for two basic forms of perturbations, in which δ ∗T1 is non-zero only for

the feature which corresponds to the total sleep time series,
and for the feature that corresponds to the BMI time series.
Interestingly, subtle changes in the patient’s activities along
these features indicate a drop in the overall fatigue level.

Conclusion
We conducted a pilot study to gain insights into the effects
of everyday life choices on the fatigue levels of patients
suffering from various degrees of MS, by monitoring their
daily activities through connected Nokia Health devices.
Our analysis focussed on a correlation analysis to find out
main factors significantly impacting the fatigue level across
patients. Additionally, we conducted a predictive modeling
analysis using DNNs to show potential directions of providing actionable feedback in the form of subtle changes in
lifestyle to potentially decrease the level of fatigue.
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