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Abstract

This thesis proposes a patient’s health data acquisition system for community health care
through mHealth. In this system, patients gather in a community clinic where an attend-
ing health worker records patient condition through a mobile app. The collected data can
be essentially multimodal. They may be of different formats: numbers (e.g., temperature
reading), texts (e.g., description of symptoms), images (specific sign/scar/wound on body
parts), audio (recorded interviews, health conditions such as cough/ breathing sound),
and video (if required). These contents are partially synced to a backend server. They
can be accessed by distant doctor now or later time to assess the patient case. Due to
large size of media content and bandwidth limitation of the worker device, uploading all
contents to the server is not possible (nor even required); most part of them can be stored
locally and later can be delivered to the doctor’s device upon request. On-demand deliv-
ery delays content upload to save costly upload bandwidth at the cost of slight increase
in latency to retrieve content when needed. To this end, we build an mHealth service,
called dursheba, that entails mobile apps (both for doctor and health worker), a server
and a cloud messaging service enabling an effective synergy between patient and doctor

in a rich fashion even though they are distant apart.

X



Chapter 1

Introduction

In this thesis, we propose a health data acquisition system for community health care
through mHealth. In this system, patients gather in a community clinic or a service point
where a health worker attends the incoming patients, records their health conditions and
indicators (such as, vital signs) through a mobile app. The collected data are essentially
multimodal and are of different formats: varies from simple numbers and texts to richer
images and videos. All these contens are uploaded to a remote server for possible access by
a remote doctor for possible assessment and suggestions. We develop a selective content

upload scheme for this kind of distant healthcare setting.

1.1 Distant Healthcare System

Distant health care is a form of clinical service where patients and doctors do not remain
to be in the same place or at the same time. Clinical healthcare is provided at a distance
with telecommunications and information technology. It is the future of global healthcare.
There are various distant healthcare system like video conferencing, store and forward
data, and remote patient monitoring. Video conferencing enables realtime interactions
between patients and providers. It decouples patient and doctor in space, but not in

time. Store and forward telemedicine means acquiring medical data (like medical images,
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biosignals etc.) and then transmitting this data to a doctor or medical specialist at
a convenient time for an assessment offline. Remote patient monitoring is a setup of
self-monitoring or testing that helps medical professionals to monitor a patient remotely
using various technological devices. Distant healthcare system allows patients to maintain

independence, prevent complications, and minimize clinical costs.

1.2 Healthcare through Mobile Devices

The emergence of mHealth platforms and services enables patients receiving health ser-
vices in the form of medical prescriptions, clinical advices and doctoral referrals even
though they are distant apart from doctors. These are all achieved through the usage
(in some form or other) of handheld mobile devices, such as smart phones and tablets,
possessed by average individuals these days. The primary form of mHealth is in the form
of tele-doctor (or telemedicine) where a patient calls a distant doctor and have a conver-
sation with the doctor regarding his/her health issues and complaints. In response, the
doctor suggests medicines and other advices as deemed appropriate. While this service
is simple and easy and has been in deployment for a while, it has several limitations.
It requires a doctor to be present to converse to a patient for providing health service.
Health-related smartphone apps are available in abundance in recent years, and some

estimates predict that nearly 500 million people are using those.

1.3 Media Content in Distant Healthcare

In distant healthcare setup, patients will be examined by a doctor based on these recorded
evidence alone. Therefore, patient data should be essentially rich. They must be multi-
modal in the sense that they consist information of different digital formats: from texts
and numbers to rich media type. Media contents assist in reproducing patient case with

high fidelity and provide good evidence.

A set of possible data formats as we may encounter in such distant healthcare services
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are:

e Numbers (e.g., temperature reading, blood pressure, blood sugar, pulse, oxygen

saturation etc.)
e Texts (description of symptoms)
e Images (specific sign/scar/wound on body parts)

e Audio (recorded interviews, health conditions such as cough sound, breathing

sound, etc.)

e Video (certain description of a particular complain or patient condition)

1.4 Content Retrieval in mHealth Platforms

In distant healthcare, the patient data once collected are then uploaded to a server so that
the data can be accessed by a distant doctor now or later time. While planning to upload
contents, a couple of issues immediately come in. Media contents are usually of large
sizes and they can be produced in good numbers with great ease (taking pictures do not
take much effort, just a couple of tapping on the screen; the same holds for audio-visual
contents). Moreover, upload bandwidth is a limited resource, particularly for a health
worker who might have budgeted monthly paid data subscription (we are considering a
remote setup where free WiFi may not be a viable option). So, it may not be possible to
upload all contents to the server, at least not immediately right after they are recorded.
Interestingly, not all contents are required to be uploaded either, because the doctor may

not need all contents in order to provide an advice.

In order to achieve better resource utilization in our system, most part of the patient
data are stored locally in the device and are later delivered to the doctor’s device on
doctor’s request. This is what we refer to as on-demand delivery. On-demand delivery
delays content upload only to save costly upload bandwidth at the cost of slight increase

in latency.
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Figure 1.1: Remote health monitoring system

1.5 Contribution of the Thesis

This thesis proposes a patient’s health data acquisition system for community health
care through mHealth. In this system, patients gather in a community clinic where the
attending health worker or nurse record patient condition (that we refer to as patient
data) through a mobile app, which are then accessed by doctors remotely in later time
to make necessary advices. It will be a severe waste of scare upload bandwidth if all
contents for a given patient are uploaded but the consulting doctor did actually accessed
only some of them. If the system can select useful contents, it can upload those earlier.

It saves time and ensure delay free smooth operation.

The contribution of this thesis are:

e A scheduling technique for mHealth applications that can utilize upload bandwidth
more effectively by selectively uploading large media contents instead of uploading

all.

e This proposed scheme can be used by mobile phone based mHealth applications

that handle rich media data.

e A mHealth service, called dursheba is developed, that entails a mobile app (both for
doctor and health worker), a back-end server and a cloud messaging service. This

enables an effective interaction between patient and doctor in a rich fashion even
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though they are distant apart from each other.

1.6 Organization

The rest of the chapters are organized as follows. Chapter 2 gives a preliminary description
of some distant health care system and mHealth services. Chapter 3, the main chapter
of this dissertation, illustrates our proposed mHealth service and problem formulation
for selective content upload scheduling. Chapter 4 contains the implementation of our
android based mobile application Dursheba. Chapter 5 contains experimental results.
Chapter 6 draws the conclusion mentioning the key contributions of this thesis followed

by some future directions for further research in this field.



Chapter 2

Background and Related Work

In our work, we design and develop a mobile phone assisted distant healthcare service
where patient data are collected and uploaded to a collection point for possible checkups
by doctors or by trained health professionals. Unlike call center based telemedicine that
decouples patients and doctors in space but not in time, we envision to decouple them
both in time and space. In our system, patients gather in a health worker station (say, in
a community clinic) and let their data to be recorded by the health worker. Data can be
multi-modal including texts, numbers, images, audios and videos. Since media contents
are large, they should not be uploaded to the cloud as soon as they are generated, but
only when they are requested by the doctor. This deferred uploads save lots of upload
bandwidth with a slight increase in latency to retrieve contents from the health worker
device when needed. We propose interesting tradeoffs in choosing which items should be

uploaded upfront and which items should be uploaded only on demand.

2.1 Popular mHealth Apps in App-stores

We made a comprehensive survey on several popular health application from Android
platform. Average download count of these app is 50000+ and review score is 4.1. We

identify possible usecases in which contests these apps are used. We categorize them
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whether they collect patient or health data through the Internet and whether they work

offline. A comparative analysis is shown in Table 2.1,

App Category Use Case Connectivity Size
Drugs.com | Drug The easiest way to lookup | internet re- | 3.5MB
Medica- Search En- | drug information, identify pills, | quired
tion Guide | gine and | check interactions and set up
pesonal your user’s personal medication
record records.
manager
Diseases medical This app contains medical disor- | offline 2.9MB
Dictionary | dictionary | ders & diseases with detailed def-
initions, symptoms, causes and
treatment information. This
medical disease hand book can
act as a clinical advisor for self
diagnosis and can also be used to
look up symptoms, diseases and
treatment.
Search, Generic App can be used to discover cost | internet re- | varies
Know, Buy | Drug effective generic drugs that can | quired
Medicines | Search substitute prescription medicine.
(HealthKart- Engine. User can explore how prescrip-
Plus) tion medicine works & under-
stand the required precaution and
contraindication. Empowers user
to compare drugs by prices to
choose cost effective generic drug
for a given prescription.
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Medscape | medical re- | Look up adult and pediatric | internet re- | 4.6MB
source for | drug dosing information in sec- | quired
healthcare | onds, check drug interactions, ac-
profession- | cess medical calculators, and get
als health plan formulary informa-
tion to support you with patient
care.
Prognosis : | clinical Emergency Medicine allows user | internet re- | 2.5MB
Emergency | cases and | to test decision making skills | quired
Medicine discussions | in a risk-free environment while
for expe- | sharpening clinical knowledge.
rienced
physicians
WebMD health The troubling part of the body | internet re- | 8.9MB
for An- | informa- is selected, symptoms are chosen | quired
droid tion and | & user can learn about poten-
decision- tial conditions or issues. Find
support medically reviewed information
tools. about causes, treatments, & re-

lated symptoms
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Home Complete Natural home remedies are safe | offline 2.4MB
Remedies | guide to | and useful for the common ail- | database
(Plus) Home ments.  Most of the non life
Reme- threatening illness can be treated
dies and | at home. Learn how one can use
Natural natural cures to replace many of
Cures for | the most commonly used over-
Common the-counter drugs in the treat-
Ailments ment of common ailments. If user
uses home remedies wisely, it will
save time and money.
First Aid Instructions| First Aid is designed to help | offline 3.4MB
you follow the right procedures
in a stressful situation or support
other people by giving them in-
structions. It is based on illus-
trations, videos and short texts
that show user to take the nec-
essary action step by step and in
the right order.
Medical & | medical Excellent coverage for general | internet re- | 2.9MB
Drug Dic- | dictionary | health & biomedical sciences. | quired
tionary Provides three features: An-
notator, Dictionary and The-
saurus. More than 300’000 medi-
cal/biomedical terms
Table 2.1: Overview of popular health Application
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2.2 Existing Distant Healthcare Services

We checked existing distant healthcare services.

Table 2.2,

Distant Health

Care Service

Description

Vigilant Medical
[24]

Web applications for images in cloud. Enable

physician collaboration to improve patient care.

Nuance Power-
Share  Medical
Image [17]

View, manage, and share medical images and di-
agnostic reports with healthcare professionals and

patients.

CrowdMed [4]

Patient can submit medical cases. Online medical
diagnosis experts are ready to help. Community

for doctors to solve complex cases collaboratively.

ETIAM [8] Provides solutions for telemedicine, medical data

archiving and diffusion for healthcare facilities.
Tata Cancer | Upload medical reports and evidence. Get expert
Hospital India- | suggestion within 3-7 days.

online treatment

Table 2.2: Overview of Distant Health care Services

10

A comparative analysis is shown in

Most of these services are web-based. They don’t consider budget constraints. But

data budget is an important issue for network applications which is also considered in

other applications like icloud photo sharing app [16], soundcloud [30], Evernote [9] etc.

Certain activities in Google Apps that transfer large amounts of data in a short period of

time, like synchronizing a Gmail account to a mobile phone or mail client, can cause an

account to reach the bandwidth limit [12]. Google Analytics is used by millions of sites

which put limits and quotas on API requests to protect the system from receiving more

data than

it can handle.
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Most of the existing healthcare systems works with only image data. In these services,

all collected data are uploaded, no selection method is applied for useful content.

2.3 Remote Health Monitoring System

Mobile based web services have become an attractive platform for delivering distant
healthcare services to patients [7]. Some remote patient monitoring systems have been
developed for particular diseases in context such as blood pressure, heart diseases and
diabetics. A. G. Logan et al. [22] worked on developing a mobile phone-based remote
patient monitoring system for the management of hypertension in diabetic patients. In
this system, a bluetooth-enabled BP monitor reading is sent to the server via a mobile
phone and the physicians report is sent via fax. Prema Sundaram [31] has developed re-
mote patient monitoring system for cardiovascular diseases. In this method, the patients
vital signs such as ECG, heart rate, breathing rate, temperature, and SpO, are captured,
and the values are entered into a database. The readings are then uploaded into a web
server as well as are sent to the doctors phone using Android technology. It also enables
the doctors to instantly send back their feedback to the nurse station. Remote Health
Monitoring using Embedded Systems was proposed by Santosh Kulkarni et al [28]. It
is a real time telemedicine system which utilizes GSM/GPRS protocol. ECG signal is
generated by simulation software and that signal is fed into a GSM modem to transmit

data over the Internet.

In [3], authors presented RHMS for elderly people using smart mobile device. This
paper addressed the challenge to provide caregivers an emergency alert system for the
elderly based on monitoring of their heart rates, breathing activities, and room tempera-
ture measurements. The device was allowed to make an on-demand request for assistance.
The remote communication was enabled through the cellular telephone service. Remote
health monitoring using online social media systems was proposed by C. Khorakhun [21].
They proposed to use existing infrastructure and develop application for health profes-

sionals. Four different access viewpoints were implemented to suit the requirements of
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each user in their example scenario to form a network. These viewpoints are from patient,
doctor in charge, professional carers, and family members of the patient. Another remote
patient monitoring system was developed by Fareed ud din et al. [10]. They proposed a
data record system with validation and transmission of health tips to the patients and
guardians. It performs patients vital signs monitoring and carries out remedial actions in
emergency conditions (e.g., medicine dose tips, precautions alert to patient, alert to hos-
pital staff in emergency conditions etc). Heurtefeux et al. [15] proposed a remote health
monitoring system using wireless body area network. This Body Area Network (BAN)
is fitted on human subjects to gather various physiological parameters through a set of
sensors. Their proposed platform collects, processes and wirelessly transmits medical data
from multiple wearable BAN to a medical control center (MCC) through a solar-powered

and multi-hop mesh network.

2.4 Uploading Service and Data Sharing

Zhang et al. proposed media uploads with deadline handling [36], and 23] proposed tech-
niques for automatic feature selection and hyper-parameter values using machine learning.
Plazzotta et al. [27] proposed multimedia uploading service for multimedia health record.
This paper describes the design, development and implementation processes of a service
which allows media elements to be uploaded in a patient clinical data repository through
an electronic health record by professionals or by patients. Danan et al. [32| proposed a
platform for secure monitoring and sharing of generic health data in the Cloud. They com-
bined smartphone, bluetooth and cloud to enable mobile telecare. They demonstrated
a telecare application that allows doctors to remotely monitor patients via the Cloud.
Kalyani et al. [2] proposed a smart remote healthcare data collection server. This paper
presents a method to secure data collection server by protecting and developing backups
used for healthcare cloud. This server can collect data and send to a centralized repos-
itory in a platform independent format without any network consideration. Girardi et
el. [6] proposed a software system, Electronic Multimedia Health Fascicle (EMHF), which

is for maintaining large number of electronic health records. Patient’s clinical biometric



CHAPTER 2. BACKGROUND AND RELATED WORK 13

measurements and biologic parameters can be seen at a time to link any alarming physical
status to his recent medical history. Their proposed software was web based and acces-
sible from any mobile device. Anurag et al. [1] proposed health care delivery and data
collection integration in eHealth center. An integrated solution eHealth Center was pro-
posed with verifiable cloud-based electronic workflow and records, telemedicine capability

and automated online reporting of summarized health data and operational status.

2.5 On-demand Content Retrieval

The idea of on-demand media retrieval was taken from Mediascope |18 which is a crowd-
sourcing platform allowing collection of image content from user mobile phones. Venkata-
giri, S.P. [33] proposed an on-demand mobile video sharing system which allow user to
share video captured at an event. On-demand Information Extraction (ODIE) was pro-

posed in [29].

2.6 Prior Upload Content Selection

If we want to provide all health data on-demand, service latency would increase too much.
So, we upload a subset of collected data before requesting them. In order to choose which
items should be uploaded upfront, we need to consider a set of attributes or features. We
got the idea of attribute selection from [20] and [13]. In [20], Kalankesh et el developed a
methodology that reduces the dimensionality of primary health data to make data more
amenable to perform visualization, mining and clustering. The methodology involved
employing a combination of ontology-based semantic similarity and principal component
analysis (PCA) to map the data into an appropriate and informative low dimensional
space. Gotz et al [13] proposed a methodology for interactive mining and visual analysis
of clinical event patterns using electronic health record data. This paper focused on

temporal pattern mining, visual query and interactive visualization module.
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2.7 Scheduling Algorithm for Limited Budget

In order to handle bandwidth limitation, we borrow some idea from [35|. In [35], author
proposed an offline and online scheduler for energy fair mobile cloud computing server.
Some of their scheduling algorithms are first-generated-first-scheduled (FGFS), Earliest
deadline first (EDF), first-come-first-served (FCFS) etc. In [5], author showed that fair
queueing provides several important advantages over the usual first-come-first-serve queu-
ing algorithm. Harchol-Balter et al showed in [14] that, size based scheduling improves
web performance. Authors showed that shortest remaining processing time first (SRPT)

minimizes queuing time and response time and outperforms fair queuing.



Chapter 3

On Demand Media Content Retrieval

for mHealth

In this chapter, we narrate our on-demand media content retrieval technique where a
set of selected content items are uploaded (from the health worker device) to the remote
server before the distant doctor accesses them. The system also retrieves content from
the worker device on-demand when needed so. We also describe Dursheba, the distant

healthcare service developed as a part of our work.

3.1 Media Content Collection

In our system, health workers collect data from patients in different formats such as text
(for recording symptoms, readings of vital signs, physical conditions, etc.), images (for
recording any specific sign on body parts for scar/mark/wound), audio (for recording
interviews, or health conditions such as cough sound, breathing sound, etc.), and as well

as video (if required).

Texts are needed for almost all patients. Signs and symptoms of diseases and main
complains are stored in text format. Numbers are used to record various health indicators

such as body temperature, blood pressure and heart-beat rate. Images can express more

15
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than text. In case of skin diseases, photograph of scar or infected body region help doctor
in assessment/treatment. Various pathological reports, for example blood test report,
can also captured by taking images if they are needed to be passed as a supporting
evidence (thanks to mobile phones and tablets coming with high resolution cameras).
Audio recordings are helpful in case of respiratory problems, such as coughing sound and
vocal sound document level of infection. Similarly, video data are helpful in many ways.
To transfer data from one device to another remote device an intermediate storage is

required.

Note that both the doctor and patients can produce media data. Doctor can prescribe

patient with audio recordings. He can upload image of prescription or advice.

Patient data is collected and stored in a smart phone device possessed by the health
worker. Our system delivers these collected data to a remote server from which serving
doctors can access them for assessment. Since these are media contents and are usually
large in size, their transfer is a non-trivial matter to handle. We have three possible

choices for content transfer.

1. Upload all collected data.

2. Upload only meta data of content. Meta data means basic info, symptom and list

of content.

3. Upload partial content by selection.

Upload all: All collected patient data can be uploaded to the cloud immediately after
they are generated. Doctors can be provided with a web portal or an app to download and
view any data anytime. One disadvantage of this scheme is its high upload bandwidth
requirement. The cloud storage also needs to be large enough to store all these data.

Unnecessary content may be uploaded in this scheme which perhaps are never used.

Upload on demand: Due to bandwidth and energy constraints, it is often not efficient
or desirable to upload all patient data to server for sharing immediately after storing

them. Only a set of basic data and a list of other available contents are uploaded to the
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Figure 3.1: Selective media content upload

cloud server. The basic data may consist of patient Id, main sign, symptom of patients
diseases and list of media contents accompanied with the patient. When the remote
doctor asks for any content from the list, the requested content is uploaded. Advantage of
this scheme is that it requires limited upload bandwidth. Besides, unnecessary contents
are not uploaded to the cloud. One disadvantage of this scheme is that limited energy of
device may hinder uploading when required. So, the requested data content may not be
provided to the doctor on time. Latency can be another issue of this scheme. Since all

data are uploaded on demand, content retrieval latency can be quite high.

Upload partial content by selection: In this scheme, all collected patient data is stored
in the health worker’s device. Some selected contents from those data are uploaded to the
server before doctor requests them. Useful content selection for prior uploading is done

to reduce latency. It optimizes bandwidth usage and latency.

3.2 Selective Content Upload

Dursheba allows contents to be uploaded from the health worker’s device to the doctor’s
device on-demand. For efficiency and timely delivery, the system also chooses a subset of
items to be uploaded to the storage server before the doctor even requested them. This
is an opportunistic upload scheme that leverages doctor’s prior content retrieval pattern
in order to upload some part of the patient data in the hope that uploaded contents will
be eventually accessed by the doctor. The benefit of uploading upfront is that they may

provide reduced latency when the doctor accesses them. The cost of upload is wasted,
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however, if doctors do not consume them eventually. The benefit of not uploading upfront
rather uploading contents on demand is the opposite. It saves resources, but incurs higher
latency when accessed. In the following, we give a scheduling algorithm to decide which

items to upload upfront.

In this section, we formulate the upload scheduling problem and then provide a
scheduling algorithm to decide which items to upload to the storage server before the

doctor even requested them.

3.2.1 Formulation of the Upload Scheduling

We assume that each piece of content whether uploaded apriori or retrieved on-demand
(or never used at all) renders differentiated value based on where the content reside the
doctor needs them. We assign a value to each content piece as a means of measuring how
useful they are as they are accessed by the doctors. Contents may arise in three possible

categories:

e System upload the content and doctor also accessed them (Category 1),
e Doctor requested the content but system did not upload it a priori (Category 2),

e System uploaded the content but the doctor did not access it (Category 3).

There can be a forth category: contents that were neither uploaded nor requested
by the doctors. But this case is trivial, so can be ignored. We argue that the value of
a content depends on which category it belongs. For example, contents that have been
uploaded as well as consumed (Category 1) have higher value than the items that were
requested by a doctor but was not uploaded before and retrieved later (Category 2). This
value reduction is to compensate the additional cost it takes in terms of latency to retrieve
the item from the worker device. Again, the value of a content that was uploaded upfront
but was not later accessed by the doctor does also have a value, but in negative sense
because it wasted upload resource unnecessarily. In that, the value rather becomes a

penalty.
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We assume a certain value or penalty function, ¢r(c), exists that gives the value of
content ¢ based on its category, k € {1,2,3}. We expect, in general, the following order

holds for a given content c:

¢1(c) > da(c)

Given a set of patient data that are uploaded and the set of data that have been

accessed by the doctors, we can define an overall value derived from all such contents.

Let us assume, we have n number of media contents. For simplicity, we do not consider
the patients associated with those contents, rather the system sees a series of content
items coming at the ingestion point (i.e., at the health worker device). Let s; denote
size (in bytes) of content ¢;. Let p; denote a binary indicator whether doctor accessed
(or requested) content ¢;, and z; denote whether that content is uploaded upfront and

available at the server when the doctor requested it.

Given upload matrix X = {x;} and doctor’s request matrix P = {p;}, we can deter-

mine the total value for all contents as follows:

n

V(X,P)= Z (pizigr (i) + pi(1 = w3)da(ci) — (1 — pi)gs(ci) (3.1)

i=1

The first summand corresponds to the value derived from Category 1 contents followed
by the second summand from the items of Category 2. The last one is due to Category 3
contents, which is in fact a penalty due to unnecessary uploads (hence, the summand is
negated). Therefore, the problem of identifying which contents to upload is to find X so

as to maximize objective function V' (X, P). This is—

(OPT-UPLOAD) Find X* = argmax V (X, P) (3.2)

The problem of solving OPT-UPLOAD is that we do not know requests P. For the
ease of exposition, let us replace binary p; with a probability value that measures how likely

the doctor accesses content ¢;. In that, p; takes value within [0, 1], instead of being binary
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{0,1}. Hence, P becomes a probability distribution of content accessed by the doctors.
These probability values can be estimated from an earlier access history or through a

model.

We can shuffle terms in expression (3.1) to have:
VX, P) =Y aipitr(es) = pidales) = (1= pi)a(er) + Y pissalcs)

Since we are finding X to maximize the above expression, we can eliminate the last

term being a constant, which results in:

maxzxi(pi¢l(ci> — pigalci) — (1 = pi)ds(ci)) (3.3)

The solution to the above unconstrained optimization is achieved by assigning x; to 1

only if—

pig1(ci) — piga(ci) — (1 — pi)da(ci) > 0 (3.4)

which gives X as follows:

e ¢3(ci)
1, if pi > ¢3(ci)+o1(ci)—pa(cs) (35)

0, otherwise

€Tr; =

We can say that if probability value p; is greater than a threshold, then the content in
question will be uploaded apriori. Threshold value, Py, (i), for uploading can be written

as.

¢3(Cz')
P3(c;) + d1(ci) — da(ci)

Py(i) = (3.6)

Note that the above formulation is an unconstrained optimization problem. In prac-
tice, however, there will be a certain constraint in place. One such constraint can be data
budget, meaning that the amount of data the device can upload at a certain time. This

is a natural constraint because we can safely assume that most health worker would use
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devices with metered and limited cellular data connection which might have weekly or
monthly cap on how much data volume it can upload within that period (say, for example,

200MB per week). Our selection approach should respect this constraint.

Let p be the maximum allowed rate (in bytes) for data upload per hour. So, at hour ¢,
the system is allowed to upload a total of p x ¢ bytes. The upload scheduler keeps track of
bytes it has uploaded so far and tries to keep the total upload amount below the allocation.
If we assume content upload happens at only hour marks and a total of U(t) bytes have
been uploaded so far upto to hour ¢, the data budget, denoted as B, for the next hour
can be computed as, B = [p x (t +1) — U(t)]" (here, [A]* = max(A,0)). Therefore, the
objective of content selection is to choose items within this budget constraint. If for any
reason, budget becomes zero, the selected contents items are put in queue, and uploads

are delayed so that the system can accumulate data budget.

Hence, we can reformulate Equation 3.3 as follows:

max Z%(piﬁbl(ci) - pi¢2(0i) - (1 - pi)¢3(Ci))
= (3.7)
subject to insi <B

=1

Let v; = pid1(c;) — pida(c;) — (1 — pi)ps(c;). So, we have the following optimization:

n
max E T;U;
=1

n
subject to insi <B

=1

(3.8)

which is a Knapsack problem and reportedly NP-Hard. We can adopt the classical greedy

heuristic: pick items in decreasing order of v;/s; until the sum of sizes exceeds B.

What remains is to show, we discuss how we compute utility functions, ¢k (c;) as well

as probability values, p;, for contents, which we describe next.
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3.2.2 Calculating Utility Values

Matrix X gives us which contents should be uploaded upfront and which should not.
It appears that it depends on how the system sees the value of objects across different
categories. Two marginal cases can be analyzed. If the system does not penalize for
missed uploads, that is, ¢3(c) = 0, everything should be uploaded (as p; > 0 always holds
setting all z’s to one). On the other hand, if the system sees no difference between the
value of Category 1 and Category 2 contents, that is ¢1(c) = ¢2(c), there is no point of
uploading any; all x’s are set to zero because p; > 1 never holds. In that, all contents will
be accessed on demand. Sometimes, the system may not upload all contents as per X,

but restricts total uploads within a limit (if it is set forth so).

We observed that, ¢x(c) should depend on certain attributes of the content. As we
have discussed that, utility value of Category 2 content is less than Category 1 for extra
delay, so the latency can be attributed to be the main reason for varying utility values.
For Category 1 contents, content retrieval time is the time to get any contents from the
server to the doctor’s device. In case of Category 2 contents, extra time is added to
make these contents available to server. So, utility values for Category 1 and Category 2

contents can be defined as follows:

Here,
t1(7) = time needed to transfer content i from server to doctor’s device
to(7) = time needed to transfer content i from health worker’s device to server

Category 3 contents have negative utility as they are not useful but uploaded apriori
by the system. Utility value for Category 3 can be defined some multiple of the utility of

Category 1 items: so,
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o3(ci) = apr(c;) = 00 (3.9)

Here, v is called the penalty factor, which indicates how the system weighs the penalty
for wrong uploads against the benefit of useful uploads. For resistive operations, we will
penalize more for wrong uploads. In that case, the system uploads fewer contents but try
to ensure that uploaded contents are all truly useful. Hence, we set o > 1. For optimistic
operation, however, the value of oo can be decreased to increase the number of uploaded
contents. The value of « in effect determines the threshold value of probability. Threshold

probability value P, (omitting the index for content) can be written as—

P3
Py=—
S
Pth =71 ? e}
t1 titto + t
It can be simplified as:
t t
Py alh 1 ta)

Tt t+alt + to)
If we assume that the time needed to transfer data from health worker’s device to the

server equals to the time needed to transfer data from the server to the doctor’s device,

that is, t; = to, then the threshold value becomes as follows:

_2a
142«

Py, (3.10)

If we increase the value of penalty factor, uploading threshold increases. High threshold
value means fewer contents will be uploaded. If the threshold value decreases, then more
content will be uploaded. We observe that, the followings holds: if « — 0, then Py =0
(all contents are uploaded) and when o — oo, then Py, = 1 (nothing gets uploaded

apriori). So, by tuning «, the system can move from one extreme to the other.
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3.2.3 Probability Values Computation

The probability that the doctor will consume a certain content item may depend on many
factors, which include the attributes of the content (such as, content type and content
size), the attributes of the patient such as patient’s gender, age, and complaint type. It
may also depend on individual doctors personal preference. The best way to estimate the
probability of consuming a certain content is to “learn” the access pattern from historical

data and use a probabilistic model to predict probability values.

In our system, we estimate p; from fitting a logistic regression model on content access
patterns. As per regression model, we first need to determine the set of attributes or
features that influence a doctor’s decision to consume a content. A set of possible features
can be content type (text, images, etc), diseases type, patient’s gender and age, and
content size. Once the features are identified, the model tries to compute weights for each
feature and then generates a probability value as a function of sum-product of feature
values and their weights. Let fi, fo, -, fr be k features and S, 5, -+, 0r be their
corresponding weights. Hence, the sum-product is f.3 = By + Zle fi X B, where Sy is
called the bias or the intercept term. This sum product is then passed to the logistic
function to obtain the probability value associated with that content. The probability

value is given by:

1

pi=o(f.B) = [P (3.11)

The logistic function (also known as sigmoid function) is used in this context which
takes an input with any value from negative to positive infinity and always generates
output values between zero and one, and hence is interpretable as a probability value.
Figure 3.2 shows the logistic function. Note that, while the feature values, f, are given
for each content item, the weights, 3, are model parameters and are “learned” from prior
access history. Given a set of prior dataset, called as the training data set, the logistic

regression learning refers to determining these weights that best fits the model.
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Figure 3.2: Logistic or sigmoid function

Learning weights: Once the model is learned based on the training dataset, we can
then predict newer instances whether the content will be consumed by the doctor or
not. But, these weighting factors can be changed with time, environment and based on
other reasons. So, the learning should be incremental. For incremental learning, in our
system we use the basic idea of the perceptron algorithm [11|. The algorithm is shown in

Algorithm 3.1.

Algorithm 3.1 Algorithm for incremental learning

Get Initial weight vector (; from classifier model
Receive instance
Predict x, from weight vector
Receive true value z;
if x, # x, then
Biy1 B +n(xy — )
else

Bip1 < B
end if

In the algorithm, x, is the predicted value that whether the doctor will consume that
content or not and x; is the true value for content consumption. Here in algorithm, 7 is

called the incremental learning rate for the classifier. The value of n can be 0 <n < 1. In
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practical cases, value of n is taken between 0.05 to 0.2. Learning rate affects how quickly
the system is trained. If the learning rate is too small, it takes much time to learn the
threshold and if it is high, the system becomes oscillating and does not converge to a

stable condition.



Chapter 4

Implementation of Dursheba

In this chapter, we describe the prototype implementation of our proposed work as an An-
droid based mobile application, named Dursheba. Dursheba has been released in Google
Play and is available for community people to use. Note that the app is an output of
a reseach work and is mostly to demonstrate interaction between doctor and patients as

described in the earlier chapters. It is not by any means intended for production use.

4.1 Service Architecture and Components

The app keeps track of patient data in different formats. The app has provisions to enable
such recording and store them all as a bundle per patient so that they can be individually
accessed. After each visit, recorded data would be uploaded to a server. Both the health
worker and the doctor use this app for patient data recording and treatment. Since
media contents are big, a probable solution plan for uploading these data is proposed and
implemented. This application is designed with on demand data uploading schemes. It

can be divided in several modules to accomplish the whole task.

27
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Figure 4.1: Dursheba App in Google Play

4.1.1 Data Acquisition Module

Health worker creates a profile for each patient. All data related to a patient are stored

in a chunk together. This chunk data can be divided into two parts.

e Basic Data and Metadata: Patient name, sex, weight, temperature, blood pres-

sure and list of media content data. Basic data is common for all patients.

e Other media data: Patient data may contain media data of different format.

Data can be audio record of cough sound, image of scars etc.

Data of different formats are collected and stored in the local memory of Android

devices. We used following Android APIs for collecting data:

e android.hardware. Camera: For images and video data

o android.media. MediaRecorder: For audio data

4.1.2 Data Sharing Module

An intermediate server is used for sharing data between health worker’s device and doc-
tor’s device. A simple server based on Node.js is created for this purpose and hosted at

OpenShift [26]. In our system we called this server as the RHMS server. Patient data
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Figure 4.2: Screenshot from the Developed App

is stored in MongoDB [25] database of server. Patients data in health workers devices

database is synchronized with patient information in the server database.

Doctor diagnoses disease or problem with the help of media data. Then, he gives
feedback or treatment in his device. This feedback is synchronized with the RHMS server.

Health worker’s device receives this from the server.

4.2 Handling Media Content

As media contents are large in size, sharing these contents with doctor is challenging. All
the media contents are stored locally in health worker’s device. According to the data
budget and other resources, some of the contents are uploaded to server earlier. If some

other contents are asked by doctor, those contents are uploaded to server on demand.
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4.2.1 Content Selection Module for Prior Uploading

It is important to understand what characteristics and features of contents influence
physician’s decision. It has been seen from statistics that the main features that influence

doctors are: age, gender, content type, disease type, content size.

Prior uploading content can be selected using machine learning and learning from
previous cases. At the very beginning we uploaded all data to server. Among them, we
observed that which cases are really consumed by doctor. From this observation we made
a classifier model and used it to predict whether doctor will consume that content or not.
Classifier model was generated from weka. NaiveBayesUpdateable, logistic regression
classifier was build to generate model. From logistic regression classifier model we get
weighting factor of different attributes and prediction value which determines whether a

content will be selected for prior uploading or not.

We generated classifier model using WEKA [34]. We integrated that model file with
android code. This model is written on a file and stored in device memory while installing.

According to this model, content is selected for prior uploading.
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Figure 4.5: Flowchart for incremental learning

4.2.2 On Demand Content Retrieval

Push notification service like Google Cloud Messaging (GCM) is used for reliable and
energy efficient connection between server and Android devices. Both health worker and
doctor register their devices in GCM and receive a GCM registration Id. Server identifies
each device with corresponding Id. Doctor selects media content from the list of media
data. Push notification is sent to the server for corresponding media file with a specific
file Id. Then server sends push notification to health workers device with this file Id.
Device registration in GCM server is shown in Figure 4.6a and request handling is shown

in Figure 4.6b.

When doctor wants to get a media content, a push notification is sent to health
worker’s device with corresponding file Id. When health worker’s device receives push
notification, the desired file is uploaded to the cloud server. When the desired content
is fully uploaded, the doctor is notified with a message. Then the doctor will be able to
download and check his required content for treatment. Media data sharing module is

shown in Figure 4.4.
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Figure 4.6: Device registration and on demand content retrieval.



Chapter 5

Experiments and Evaluation

In this chapter, we describe the simulation results for our distant healthcare system
through mHealth. Through simulation, we study the behavior of our approach and eval-
uate its performance based on some metrics. We also analyze real time performance of

our android application, Dursheba.

5.1 Platform Setup and Generation of Simulated Data

We developed a network simulator and a program to mimic whole scenario. Program was

written in Java. Synthetic data is used in experiments.
In this experiment,
Number of health worker = 1
Number of doctor = 1
Number of media content = 500
Number of content arrival rate at health worker = 30 per hour
Number of content consumption rate by doctor = 18 per hour

For generating patient content, we followed Poisson distribution function. It expresses

the probability of a given number of events occurring in a fixed interval of time and/or

33
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space if these events occur with a known average rate.

d=——InU (5.1)

here,

A = Number of content arrival per hour

U = Random number between 0 to 1

0 = Interval time between 2 content arrival

If we want to get interval time in minute, then

d= —%hlU (5.2)

Similarly doctor checks patient’s content following Poison’s rule. Equation for content

consumption by doctor is

s—-Vnp (5.3)

here,

i = number of content consumption by doctor per hour

We used the logistic regression model to generate a labelled data set. We assume that
each content has a set of attributes, namely types of the health complain, content type,
content size, gender of the patient, age of the patient). All attributes except content size
take nominal/categorical values, so we introduce binary dummy variable to denote the
category. For example, age is categorized into three groups: Child (Age <=18), Adult (
18 < Age <50) and Old (Age >= 50). Hence, we introduce three variable (Child, Adult,
Old) to denote which group the patient belongs. Similar variables are used for other

nominal attributes.

For content size, we assume that the size of individual content depends on its content
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types, such as text, image, audio and video. We assume that the corresponding average
content sizes are (1, 200, 500, 2000) KB (sizes vary 50% more or less around the mean).
Since content sizes are large numbers and vary in a wider scale, we take logarithm of sizes.

The weight used for log(size) is 0.15.

For given set of weights, we then compute as w.z for each content. The doctor is

assumed to consume the content if 5.4 is true, otherwise he does not.

ew.x

———— > P 5.4
L+ ews ~ (54)

We generate a series of 500 such cases out of which around 60% contents are consumed
by the doctor. This ratio, however, can be varied across experiments. Synthetic data are
used to meet specific needs or certain conditions that may not be found in the original,
real data. This can be useful when designing any type of system because the synthetic
data are used as a simulation or as a theoretical value, situation, etc. This allows us to
take into account unexpected results and have a basic solution or remedy, if the results
prove to be unsatisfactory. Synthetic data are often generated to represent the authentic
data and allows a baseline to be set. Another use of synthetic data is to protect privacy
and confidentiality of authentic data. Synthetic data is used in testing and creating many
different types of systems. As we don’t have enough real data and all possible combination

may not appear in small data set, we used synthetic data.

At the very beginning, we don’t have any information about which contents are really
useful. We uploaded first 100 data to the server and observed which contents were really
consumed by the doctor. We have true value set that whether doctor has consumed any
data or not. From these data, we generated a classifier model for logistic regression.
Logistic regression was done using WEKA [34] library. We calculated weighting factor for
all cases of all attributes for first 100 data. In Table 5.1, we have shown all categorical
variables and associated weights of classifier model. Using this model, predicted value
is generated for each content and from this decision contents are prior uploaded. We
compared predicted value with real true value for doctor use. If this model predicts

wrong, than it is re-evaluated and weighting factors are adjusted with this data. We have
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Attribute

Category

Weights

Complaint type

Eye, Gynae, Other, Respiratory, Skin

-96.04, 72.33, 12.07, 82.63, -101.99

Content type

Audio, Image, Text, Video

-130.43, 26.74, 245.49, -159.51

Size Real Value 42.29
Gender Male, Female 78.48, 21.62
Age Child, Adult, Old -9.76, 10.81, -3.69

Table 5.1: Simulation Data

implemented incremental learning to keep classifier model up to date and accurate. We

also used NaiveBayesUpdateable classifier from WEKA for another updateable classifier

model.

5.2 Performance Metric

The performance metrics we consider in our simulation are as follows,

e Total Utility Value

e Accuracy Precision Recall F1 Score

e Time Average Queue length

Parameters are the value, that are changed to see performance metrics. Some param-

eters are:

e Data Budget (MB per hour)

e Unwanted Upload penalty («)

e Patient content arrival rate

e Consumption rate by doctor
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Total Utility Value : Total utility value is the cumulative sum value of all media

contents. It is calculated as follows:

n

V(X,P)= Z (Pz‘%%(@) +pi(1 — i) da(ci) — i (1 — pz‘)¢3(¢i)) (5.5)

i=1

Accuracy Precision Recall F1 Score: Performance metrics are measured on num-
ber of true positive, false positive, false negative and true negative.

In our experiment,

True Positive = System prior uploaded and doctor used

False Positive = System prior uploaded but doctor did not used

False Negative = System did not prior uploaded but doctor requested

True Negative = System did not prior uploaded and doctor did not used

Accuracy refers to how close a measurement agrees with a known value of that measure-
ment. It indicates the correctness of system. Accuracy of classifier means how correctly
classifier can identify a media content as useful or not. System accuracy means how cor-
rectly system can deliver useful contents to server. System may fail to deliver selected
contents to server due to budget constrain though classifier selected contents successfully.
When there is no budget constrain or upload speed limitation, system accuracy is same

as classifier accuracy.

No of true positive + No of true negative

Accuracy = (5.6)

Total number of contents

Precision can be thought of as a measure of a classifiers exactness. A low precision

can also indicate a large number of False Positives.

No of true positive

Precision =

5.7
No of true positive + No of false positive (5.7)

In binary classification, recall is called sensitivity. Recall can be thought of as a

measure of a classifiers completeness. A low recall indicates many False Negatives.
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No of true positive
Recall = D

5.8
No of true positive + No of false negative (58)

In statistical analysis of binary classification, the F1 score (also F-score or F-measure)
is a measure of a test’s accuracy. It considers both the precision and the recall of the
test to compute the score. The F1 score can be interpreted as a weighted average of the

precision and recall, where an F1 score reaches its best value at 1 and worst at 0.

Precision® Recall
F18S =2 5.9
core Precision + Recall (5.9)

Time Average Queue Length: Queue length indicates average length of queue over

time.

> i Tili
i=1 "1

Time Average Queue Length =

5.3 Performance Evaluation

5.3.1 Accuracy of different classifier

We performed our experiment with logistic regression classifier model which learns con-
tinuously from new instance. We also used online classifier which does not have initial
weight vector. Some other classifier model can be used to predict value whether the doc-
tor will use a content or not. NaiveBayes classifier model can be used to predict data.
Naive Bayes fits feature weights independently while logistic regression accounts for cor-
relations amongst features. A comparative study was done between discriminative model
logistic regression and generative models Naive Bayes classifier in [19]. Naive Bayes is
linear classifier which clasifies using Bayes Theorem and strong independence condition

among features.
Some performance metric of classifier used in this system are shown in Table 5.2

Accuracy of classifier depends on what fraction of selectively uploaded data was used
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Classifier 1 | Accuracy | Precision | Recall | F1-Score
NaiveBayes N/A 0.92 0.91 0.97 0.939
Logistic Regression 0 0.98 0.99 0.97 0.979
Logistic Regression 0.05 0.982 0.99 0.98 0.985
Logistic Regression 0.1 0.981 0.987 | 0.985 0.986
Only Online Learning 0.1 0.574 0.677 | 0.687 0.68
Only Online Learning || 0.15 0.598 0.689 0.72 0.704

Table 5.2: Comparison of classifier

Type | True Positive | False Positive | False Negative | True Negative

Count 327 6 3 164

Table 5.3: Count

by doctor. It is shown in Figure 5.1 that, maximum portion of selectively uploaded data

were consumed by doctor.

When simulation is performed for 200 MB Data Budget, 1MBps upload speed, penalty
factor 1, content arrival rate 30 /hour, content consumption rate 18/hour, then number of

contents for our system is shown in Table: 5.3

5.3.2 Effect of Upload Scheme

Total wutility value is calculated for all 3 upload schemes. Our aim is to maximize total
value of utility function. Media content is collected with progress of time, and each
content adds a value according to the category of content. Three different schemes and
their respected utility values are plotted in Figure 5.2a. For “upload all” data scheme,
we can see value of utility function increases, but for wrong upload it decreases at some
points. For “upload only meta data” scheme, all media contents are delivered to the server
on demand. In this case, value function never decreases but it adds less value for each

content as delay is added for retrievals. From our experiment, we can see that selective
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Figure 5.1: Fraction of used content and selectively uploaded content

content uploading scheme has maximum value from objective function.

If number of media contents used by doctor dominates in data, then Figure 5.2b occurs.
Here we produced a dataset where 80% of total contents were used by doctor. From our
experiment, we can see, that upload all data scheme performs better than upload on
demand scheme. Large number of contents were used by doctor. As number of wrong
upload is less, upload all scheme performs better. When on demand scheme is used much
delay accumulates for all contents and performance degrades. But for selective upload
scheme, most of contents were uploaded upfront and number of wrong upload was lesser

than upload all scheme. So, selective upload scheme outperformed other schemes.

If number of media contents used by doctor is inadequate in data, then Figure 5.2c
occurs. Here we can see that, when 20% contents are used in data set, upload on demand
scheme performs better than upload all scheme. Large number of contents were unused
by doctor. As number of wrong upload was more, upload all scheme performed worse.
On demand uploading scheme performed better because it has no wrong upload. But for
selective upload scheme, most of required contents were uploaded upfront and number of
wrong upload was lesser than upload all scheme. So, selective upload scheme outperformed

other schemes.
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Effect of Upload Scheme
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Figure 5.2: Effect of Upload Scheme

5.3.3 Effect of Data Budget

Bandwidth budget influences performance of the system.

Effect of Data Budget on uploaded data From Figure 5.3a, we can see, that
data is collected in every hour and number of collected data increase with time. Size of
collected data and uploaded data are also shown here. Among all collected data, a subset
of collected data is selected for prior uploading. Selected contents are uploaded by system
until it reaches upload bandwidth limitation. If it exceeds limit value, then it is stored in

a queue.

For large data limit media contents in waiting queue grows at a smaller rate which is

shown in Figure 5.4a. When there is unlimited budget, no contents remain in queue which
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Figure 5.3: Data Status over Time

can be observed from Figure 5.3b. Items in queue are sorted according to the value and
size of content (value/size). So, contents with large size remain at the end of the queue
and uploaded later. It takes long time to finish uploading, when upload limit is set to a
small value. Some contents may remain in queue and do not get chance to be uploaded.
Uploading finishes earlier when upload limit is large. For limited budget, when content
is in queue for prior uploading, it is not available at the server. So, the doctor may ask
for on demand content retrieval. As a result, on demand content retrieval increases for

limited budget. It is shown in Figure 5.4b

Effect of Data Budget on accuracy: Accuracy of system increases with data
budget. If data budget is low, media content in queue grows larger. It takes much time to
make that content available to doctor. In some cases for budget constrain contents may
not be uploaded to server. As a result accuracy falls down for limited budget. It is shown

in figure 5.4c.

Effect of Data Budget on Time average Queue Length: Time average queue
length increases for limited data budget. When data budget is low, selected items are
gathered in queue. Queue length gets longer. When data budget is adequate, then
contents from queue release quickly. As a result queue length remain small. It is seen

from Figure 5.4d, that when data budget is high amount of data in queue is small.
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Figure 5.4: Effect of Data Budget

5.3.4 Effect of Penalty Factor or Upload Threshold

Probability threshold value P, for uploading depends on penalty factor. Penalty factor

may take any real value. Upload threshold value depends on it and varies from 0 to 1.

Effect of Penalty Factor or Upload Threshold on Prior upload and on De-
mand Upload: If upload threshold value is low, most of the contents are uploaded
apriori. We can see from Figure 5.5a that when upload threshold is zero, all collected
contents are prior uploaded. Amount of prior uploaded content decreases with the in-
crease of upload threshold. As a result, the number of on demand uploading content

increases for high threshold value.

Effect of Penalty Factor or Upload Threshold on Accuracy:Upload threshold
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Figure 5.5: Effect of Uploading threshold

also affects the accuracy of classifier model. Accuracy of classifier model is maximum for
a certain threshold value. It is shown in Figure 5.5b. If threshold value is low, the number
of prior uploaded content is high. As a result, number of wrong upload increases. Most
of the contents are uploaded but many of them are not consumed by doctor. Similarly,
when threshold value is low, very few contents are uploaded upfront. As a result, number
of on demand contents increased and some required contents are uploaded after doctor

requested them. For wrong prediction, accuracy of classifier model decreases.

5.3.5 Effect of Upload Speed

The quality of network facility influences uploading performance. As a result, items in
queue grows larger and they take a long time to finish uploading. If we limit uploading
hours then all required contents may not be uploaded. As we sorted queue according to
the decreased order of probability/size, so large contents are at the bottom of queue. If
network facility is available for limited hours, large contents do not get any chance to be

uploaded. They remain in queue.

Effect of Upload speed on uploaded data: We can see from Figure 5.6b, that
if upload limit is high but upload speed is low, system cannot utilizes it’s allocated data

budget. As a result, uploading does not complete for selected data. Amount of selective
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uploaded content is less. As doctor does not avail required contents in queue, he asks for
it. So, on demand content retrieval is high for low speed. For sufficient upload speed,

selective contents are uploaded timely and on demand media retrieving is less.

Data in Queue for different upload speed Time vs On Demand Upload
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Figure 5.6: Effect of Data Uploading speed

Effect of Upload speed on accuracy: Upload speed affects the accuracy of system.
If upload speed is very low, selected contents for prior uploading are gathered in queue.
As many of them are not uploaded to server and not delivered to doctor, system accuracy
falls. For good upload speed, contents are uploaded on time and accuracy is high. It is

shown in Figure 5.6¢c.

Effect of Upload speed on time average queue length: Upload speed has effect

on time average queue delay. When upload speed is low, selected contents remain in
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queue. Only a few of them are uploaded to server. As a result, time average queue length

is high for low upload speed. It is shown in Figure 5.6d.

5.3.6 Effect of Content Consumption Rate by Doctor

Content consumption rate of doctor affects uploading data. If content consumption rate is
high, doctor uses content more frequently. Doctor may not find desired content in server,
though that content has been selected for uploading and waiting in uploading queue. As
doctor does not get that content in server, he asks for uploading. As a result on demand
upload increases. Since total data budget is limited, selective upload decreases to give

chance to on demand contents. It is shown in Figure 5.7a and Figure 5.7b.

Time vs On demand content size Consumption rate vs Selective uploading
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Figure 5.7: Effect of Content Consumption rate by doctor

5.4 Result Summary

We have discussed the effects of parameters on performance metric in Section 5.3. As
a summary, it is shown in Table 5.5. Comparative analysis among upload schemes are

shown in Table 5.4.
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Content Set Scheme Utility value for 500 contents | Best Performer

Upload all 292.6

60% Media contents were used | On Demand 208.4 Selective
Selective 407.7
Upload all 427.2

80% Media contents were used | On Demand 233.7 Selective
Selective 482.3
Upload all -167.1

20% Media contents were used | On Demand 67.9 Selective
Selective 134.8

Table 5.4: Comparison among upload schemes

Change in Parameter Accuracy TAQL On demand | Prior upload-
uploading ing
Data Budget increases increase decrease decrease increase
Data Budget decreases decrease increase increase decrease
Upload Speed increases increase decrease decrease increase
Upload Speed decreases decrease increase increase decrease
Content Consumption Rate | — - increase decrease
increases
Content Consumption Rate | — - decrease increase
decreases
Penalty Factor increases increase upto | — - decrease
a level and
then decrease

Table 5.5: Result Summary
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5.5 Results from Implementation

Dursheba android application was tested for 3 different schemes.

contents were collected by application. Uploading time was measured for each contents.

We tested our application in 4 devices. Those are:

e Samsung Galay S2 LTE - CPU Dual-core 1.5 GHz, RAM 768 MB, internal storage

8 GB, OS jellybean

e Samsung Galaxy J5 - Quad-core 1.2 GHz, RAM 1.5 GB, internal storage 8 GB, OS

Marshmallow

e Samsung Galaxy Tab - Dual-core 1.0 GHz, RAM 1 GB, internal storage 8 GB, OS

jellybean

e Asus Zenfone 5 - Quad-core 1.8 GHz, RAM 2 GB, internal storage 16 GB, OS

jellybean

Size of collected content varied according to the type of contents. Image contents were
collected in 2048 X 1152 resolution and their average size was 1 MB. Video content was
taken in 640X480 resolution and their average time length was 1 minute and size was
5MB. Audio contents were small in size and their average size was 60KB. Text contents

size were very small.

A number of media

Some collected data from android application is shown in Table 5.6 :

Content no | Clinical Type | Content Type | Age | Gender | Size(MB)
C eye image adult | male 0.225
Cs cough audio child | male 0.066
Cs digestion text adult | female 0.006
Cy skin image old female 0.4866
Cs eye video adult | male 2.23
Cs skin image adult | male 0.551

Table 5.6: Data collected from Android Application
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Content no C 1 02 Cg 04 05 C@'

Uploading Time (ms) | 3366 | 1796 | 234 | 4561 | 7123 | 5147

(a) Upload all Scheme

Content no | ny(t)(ms) | w(t)(ms) | na(t)(ms) | {(¢)(ms)
4 2135 3620 1340 7095
Cy 2276 1610 1256 5142
Cs 2089 211 1380 3580
Cy 2178 4381 1443 8002
Cs 2565 6744 1389 | 10698
Cs 2615 4784 1552 8951

(b) On Demand Scheme

Table 5.7: Uploading time

Upload all content scheme was applied first their uploading time was recorded in

Table 5.7a

For on-Demand content retrieval scheme, more time is required to bring content to
server from health worker’s device. It is known as Latency. Latency period is time to
make file available to doctor after it is requested. Interaction delay is time that doctor
needs to wait before he can see items he requested (when retrieved from worker device).

From our experiment, it is shown that uploading time is proportional to file size.

where,
[(t) = Latency Period;
n1(t) = Time to notify health worker’s device with desired content;

u(t) = Data upload time (transfer image/ audio/ video data);
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Figure 5.8: Uploading time vs Media file size

ns(t) = Time to notify doctor’s device that content is available at server;

GCM delay was measured in our experiment both for 3G and wifi connection. GCM

worked well for both wifi and 3G connection.
Success rate is 100%

We applied “selective content uploading” scheme in android application. We produced
some media data, which is similar as our simulation model data. Then we tested with
logistic regression classifier model, which we made in simulation section. This classifier
successfully predicted whether this content will be used by doctor or not. Our android
application did not upload all data apriori. It only uploaded selected contents to the

server. We compared our result with actual value and it matched.
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Conclusion and Future Work

We developed a mobile application that keep track of patient data in different formats
such as text, image, audio and video. We also developed a scheduling algorithm to decide
which items to upload to the storage server before the doctor even requests them. It has
been shown in our thesis that, selective content uploading scheme performs better than
other schemes. We considered data budget limitation and service latency to evaluate our

scheme.

For a remote health monitoring system, a number of health workers and doctors may
work simultaneously. Multiple health workers and doctors facilities is provided in our
application. Multiple health worker and doctor can log in to system. As several requests
may arrive simultaneously, request management queue was implemented to handle these
requests. We used priority queue where priority was determined with the value and size

of the content.

We understand that proper authentication is required for accessing sensitive medical
data of patients. All access to data is restricted through user login (health workers and
doctors have user accounts. Necessarily credentials are always checked before performing
any operation on behalf of any user. So, the patient data will be stored in the storage with
privacy protection. It will not be accessible to others. Sufficient authorization technique is

applied to ensure privacy. It only allows the designated user to see patient data. Individual

ol
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user id and password feature for health worker and doctor exists to ensure privacy.

Our system can be seamlessly interfaced with other devices. Weight machine, tem-
perature sensor, heart rate monitor and other devices can connect with this system. A
prototype of Arduino based temperature sensor module was developed that shows ambi-
ent temperature of the environment. If health device supports connectivity via Bluetooth,
data can be automatically recorded by our system. We believe by providing an effective
synergy between patient and doctor even though they are distant apart, our system will

be widely used in the area of remote health monitoring.
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