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 Fat accumulation within skeletal muscle is associated 

with muscle weakness and the loss of function in 

older adults 

 The effects of physical activity on fat within muscle in 

older adults are not clear 

Subcutaneous  

adipose 

CT scan 

of the thigh 

LIFE-Pilot Muscle study 

Goodpaster et al.  

J Appl Physiol  2008; 

105:1498 



LIFE-Pilot Muscle study 
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Events 

Physical Activity: 30.1% (n=246/818)  

Health Education: 35.5% (n=290/817)    

 

HR=0.82, 95%CI=0.69-0.98  

P=0.03 

Physical activity 

Health Education 

Pahor et al JAMA 2014 



LIFE N=1635 - GEE MODELS PREDICTING FRAILTY  

OVER 24 MONTHS ACCORDING TO RANDOMIZATION GROUP 

Unadjusted odds 

ratio (95% CI) 
P Value 

Adjusted odds 

ratio* (95% CI) 
P Value 

Fried frailty index 

Physical activity (n=818) 0.83 [0.69-0.99] 0.040 0.81 [0.68-0.98] 0.028 

Health education (n=817) 

(Reference) 

SOF frailty index 

Physical activity (n=818) 0.81 [0.67-0.98] 0.034 0.86 [0.71-1.04] 0.125 

Health education (n=817) 

(Reference) 

* Baseline value of the outcome, gender and field center (both used to stratify 

randomization), age, intervention, clinic visit, and intervention-by-visit interaction 

included in the models. 
Adapted from Trombetti et al. Ann. Intern. Med. 2018 



https://www.motrpac.org 



Data Science and wearable technologies 

– Develop 
interactive 
mobile 
device 
monitoring 

– Warehouse 
and integrate 
multi-modal 
data 

– Use machine 
learning and 
data mining 

Fig. 1. Conceptual diagram. Using accelerometers, heart rate monitors,
temperature and GPS sensors, these devices provide an affordable and more
versatile hardware platform upon which activity monitoring software can be
implemented.

2) It is flexible enough to accommodate different types

of studies with different targets and outcomes while

allowing for constructions of variables instantly from the

raw data on the device. The latter feature is importance

for two reasons. First, such variable construction steps on

the watch combine the traditional steps of data collection

and cleaning into one, reducing the total analysis time.

Second, variable construction could compress data, reduc-

ing the size of the data being transmitted and reducing

costs.

3) It allows development of interactive interfaces (e.g.,

prompting for reporting symptoms or asking to recharge

the watch) and remote changes to the configuration (e.g.,

saving battery life by changing data collection rates and

stopping GPS during inactivity). Accomplishing these

aims will provide the basis for a reliable and validated

app that can be deployed in research to monitor activity

and mobility.

The server software consists of the following features and

advantages:

1) It provides a user-friendly platform to configure the

watches’ applications remotely. Such configuration in-

cludes identifying the sensors to use and their sampling

rate, as well as setting the parameters necessary for

aggregating the collected raw data into final features.

2) For better control, user management and security modules

are housed on the server. New roles with the desired

access level (e.g., researcher I, researcher II, administra-

tor) to support the minimum required privileges can be

defined and assigned to users dynamically.

3) It can receive data from multiple watches simultaneously

and store the data in ahigh-performance and fault-tolerant

database. Data security is maintained by granting the

access to the database only through the web interface,

which itself retrieves data via a database view with least

privileges.

4) It is equipped with a big data Map-Reduce framework

using Apache Spark [3] and predefined scripts for data

retrieval and exploration, the essentials for real-time anal-

ysis of big amounts of data.

5) It provides a user interface that summarizes statistics

about the current status of the watches, and it displays

the underlying data.

The application was implemented for Samsung Gear S and

Gear S2 in Tizen [4]. Tizen is an operating system based

on the Linux kernel and GNU C Library. It operates on

a variety of devices, including smartwatches. Upon start-

up, the application receives the configuration specification

from the server that indicates which sensors are activated

for data collection and their sampling rates and that provides

parameters for feature construction. In the server, for every

combination of features defined for the watch application,

there is a corresponding model as well as a view for displaying

summarized statistics. This gives the server the flexibility to

receive data from the watches with different models. Secu-

rity of data transfer and communication between the watch

application and the server is guaranteed using SSH and local

tunnel.

The outline of the rest of the paper is as follows: First, we

give an overview of existing models designed for wearable

devices on the wrist (e.g., accelerometers, smartwatches).

Next, we describe details and components of the ROAMM ar-

chitecture. Then we evaluate the proposed framework in a case

study in which activity-type recognition is pursued on data

collected from 10 participants performing daily tasks of living.

Furthermore, a novel two-step segmentation was introduced,

which revealed the underlying accelerometer characteristics of

daily chores, as well as the extent of the current framework’s

potentials in recognizing activity. Finally, we discuss the

benefits of the present work along with the potential for future

work.

I I . RELATED WORK

Activity and health care monitoring using static devices is

a well-researched field. In such deployments sensors attached

to patients collect data over days to weeks. This data is then

read for deriving the health and activity related information.

Unfortunately, this approach has the limitation that errors in

data collection are only found after receiving the device from

the patient thereby increasing costs and negatively impacting

the overall analysis. Additionally, the use of such devices do

not allow for real-time intervention and/or patient reported

outcomes.

Online data monitoring using smatwatches and smartphones

has the potential of addressing all of the issues and con-



Knowledge gaps and research 

opportunities 

- Physical activity implementation studies 

in the community 

- Identifying molecular transducers of 

physical activity in older persons 

- Impact of averting sedentariness 

- Effects of physical activity on frailty and 

sarcopenia  

- Implementation of wearable technologies 
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