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Abstract: Physical capability (PC) is conventionally evaluated through performance-based clinical
assessments. We aimed to transform a battery of sensor-based functional tests into a clinically
applicable assessment tool. We used Exploratory Factor Analysis (EFA) to uncover the underlying
latent structure within sensor-based measures obtained in a population-based study. Three hundred
four community-dwelling older adults (163 females, 80.9 ± 6.4 years), underwent three functional
tests (Quiet Stand, QS, 7-meter Walk, 7MW and Chair Stand, CST) wearing a smartphone at the
lower back. Instrumented tests provided 73 sensor-based measures, out of which EFA identified
a fifteen-factor model. A priori knowledge and the associations with health-related measures
supported the functional interpretation and construct validity analysis of the factors, and provided
the basis for developing a conceptual model of PC. For example, the “Walking Impairment” domain
obtained from the 7MW test was significantly associated with measures of leg muscle power, gait
speed, and overall lower extremity function. To the best of our knowledge, this is the first time that
a battery of functional tests, instrumented through a smartphone, is used for outlining a sensor-based
conceptual model, which could be suitable for assessing PC in older adults and tracking its changes
over time.

Keywords: physical capability assessment; instrumented functional test; exploratory factor analysis;
older adults

1. Introduction

Physical capability (PC) can be defined as “a person’s ability to do the physical tasks of everyday
living” [1]. It is also defined as one of the domains characterizing the healthy aging phenotype
recommended for the assessment of older adults by the National Institutes of Health (NIH) [2].
Assessment of the PC was previously achieved using questionnaires and clinical rating scales. Such an
assessment is particularly relevant in older adults and is an essential component of comprehensive
geriatric assessment in order to develop an overall plan for prevention, treatment, and long-term
follow-up. A variety of tools has been proposed in the literature for assessing PC, but several might
be sub-optimal for a number of reasons. Some of them suffer from ceiling or floor effect limitations.
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Some may not be responsive enough to measure slight improvement or deterioration in an older
adult’s ability and all self or proxy-reported outcomes may suffer from misreporting. In-lab functional
tests are also commonly used, which are quick, simple to administer and make use of inexpensive
equipment like a stopwatch or a ruler. Conventional outcome measures of these tests are easily
interpretable and therefore widely employed to assess levels of physical function in older adults [3].
Performance on balance tests, gait speed, ability to repeatedly rise from a chair, have been used to
characterize PC and predict subsequent health outcomes in community-dwelling populations [1,4,5].
These tests are often administered together, such as in the Short Physical Performance Battery [6]
which computes a composite score assessing walking speed, standing balance, and sit-to-stand. This
summary score has been demonstrated to have high reliability, validity, and responsiveness [7] and to
be predictive of adverse health-related outcomes in community-dwelling older persons [6,8]. Advances
in body-worn inertial sensor technology favored the proliferation of instrumented functional tests in
which sensor-based measures enrich the outcome of a conventional test. Sensor-based measures are
extracted from inertial sensor signals, i.e., accelerometers and gyroscopes, and can provide a more
comprehensive assessment of a person’s mobility and balance, well beyond the simple time to perform
the test or the distance covered [9].

Instrumented functional tests can qualitatively and quantitatively characterize a wide range of
abilities by introducing unique features such as the stepping variability/regularity or the symmetry and
coordination of steps during gait [10], the smoothness of postural transitions [11], or the complexity of
balance control during postural sway [12].

State of the Art

Recent literature suggests that a battery of instrumented functional tests, including postural sway
assessment, gait analysis, and the assessment of the lower limb strength, may be used to obtain an
objective and more detailed picture of a person’s PC. A recent review showed the importance to
create consensus in the clinical and research community on a recommended set of functional tests
and sensor configurations to standardize the outcome tools and increase comparability between
studies [13]. Godfrey et al. showed that the use of standardized instrumented protocols has practical
implications in large scale interventions and could also be extended to studies involving pathology,
limiting ‘human-error’, and providing the added dimension of novel sensor-based characteristics [9,14].
However, since a single instrumented test produces a large number of sensor-based measures, the
clinical interpretation, and validity of these measures, as well as their association with measures
obtained from other functional tests, must be carefully analyzed. Covariance among sensor-based
measures is high, suggesting redundancy and the need to identify key variables without compromising
selectivity. Methods for feature reduction can be found in the literature [15–17]. However, these
statistical or machine learning methods, address only the issue of reducing the dimension of the
dataset. They might provide better results in terms of prediction error, but they select features that
are specific for the outcome, without considering the underlying conceptual structure of the initial
dataset. A suggested approach to provide a simplified framework is to group the instrumented features
into a small number of independent domains using Exploratory Factor Analysis (EFA) [18]. EFA
is a multivariate statistical approach widely used in the social, health, biological, and, sometimes,
physical sciences, which reduces the number of variables, without imposing a preconceived structure
on the outcome. The advantage of such an approach is to reduce the redundancy across variables,
by examining the relationships between them [19]. EFA attempts to discover the nature of the latent
constructs influencing a set of measured variables [20]. It is based on the common factor model, which
proposes that common underlying factors and unique factors influence each observed variable. Unique
factors are related to measurement error and variation in the data. Variables that are highly correlated
are likely to be influenced by the same factor, while different factors likely influence those that are
relatively uncorrelated. Hence, determining the influence of a latent factor on the measured variables,
it is possible to indirectly measure the latent construct, which is also commonly referred to as a factor,
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underlying construct, or unobserved variable. EFA is also used to generate factor scores, representing
values of the underlying constructs for use in other analyses. Factor scores are composite variables
which provide information about the placement of the person on the factor [21]. Thurstone [22]
computed the regression factor scores using a least squares regression approach to predict the location
of each individual on the factor. One of the goals of EFA is to provide a conceptual interpretation of the
structure, labelling the factors. Each measured variable is assumed to be linearly related to each factor.
The corresponding factor loading represents the strength of this relationship, which can be interpreted
as a standardized regression coefficient.

The so defined latent factors constitute the conceptual model and may be used to transform
datasets containing a high number of correlated sensor-based measures into clinically interpretable
information, described in terms of health-related relevant domains. Such an approach has been
widely adopted to characterize gait of both community-dwelling older adults and people at risk of
falling, or affected by Dementia or Parkinson’s Disease (PD) [23–29]. These studies developed and
validated a conceptual gait model from a set of instrumented temporal gait parameters extracted from
a computerized walkway with embedded pressure sensors (GaitRite™). Although the GaitRite™ is
a standard tool used to capture gait data [30], wearable inertial sensors provide a valid alternative
allowing the extraction of a high number of features in a wide variety of environments and including
movements like turning and postural transitions [31]. Recently, two conceptual gait models obtained
from body-worn monitors and GaitRite™ data have been compared, and these two models have shown
high congruence [32]. However, these conceptual models are based on temporal parameters, and
the omission of measures like step/stride regularity, jerk, and RMS acceleration might lead to a loss
of useful information. Indeed, as an example, a recent study showed that not all information about
impaired PD gait could be captured by measuring spatiotemporal information [33].

Furthermore, these additional measures showed to be related to different health conditions during
dynamic and static balance assessment [34,35]. We have found in the literature only a few models
describing other functional abilities like static and dynamic balance. Horak et al. developed a model
to discover independent domains of balance and gait from instrumented measures extracted through
6 wearable inertial sensors [36]. Our previous works explored and demonstrated the possibility to
define an interpretative model for the assessment of PC making use of an EFA on the features derived
from the smartphone-based Timed Up and Go test [37,38]. TUG and chair stand test have shown to
detect functional status in healthy community-dwelling adults [39]. Furthermore, instrumented chair
stand test has shown to be more strongly associated with participant health status, functional status
and physical activity [40]. However, we found no studies exploring the possibility to describe domains
of this test.

The definition of a sensor-based conceptual model for a comprehensive assessment of the older
adults’ PC is the central aim of this work.

2. Materials and Methods

2.1. Participants

A subsample of 304 community-dwelling older adults (163 females, 80.9 ± 6.4 years old, range
65–98) from the InCHIANTI cohort study (ClinicalTrials.gov NCT01331512) [41] was assessed within
the framework of the EU FARSEEING project [42]. Ethical approval was obtained by the Local Ethical
Committee (approval number: 584/2012).

2.2. Health-Related Measures

Health-related measures included the Mini-Mental State Examination (MMSE), number of
medications, Instrumental Activities of Daily Living (IADL), prospective falls (FALL), the number
of falls in the last year (FALL history), Center for Epidemiologic Studies Depression Scale (CES-D),
Physical Activity (PA), the Short Physical Performance Battery (SPPB), Hand-Grip strength test (HAND),

ClinicalTrials.gov
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the lower extremity muscle power measured using the Nottingham leg extensor Power Rig (PWR),
Trail Making Test A (TMTA), and Gait speed (see Table 1).

Table 1. Demographic and functional profiles of each subgroup undertaking the three functional tests.

Total Population QS 7MW CST

Sample Size 304 204 201 173
Gender (females) 163 (54%) 97 (48%) 95 (47%) 80 (46%)

AGE, years 80.90 (6.37) 79.46 (6.43) 79.39 (6.44) 79.35 (6.25)
Weight, kg 69.60 (13.30) 70.52 (13.13) 70.35 (13.18) 70.90 (13)
Height, cm 159.72 (9.53) 160.51 (9.21) 160.50 (9.20) 160.79 (8.88)

MMSE, (range 0–30) 27.25 (1.77) 27.41 (1.76) 27.41 (1.77) 27.53 (1.72)
Medications >=4 169 (56%) 98 (48%) 95 (47%) 83 (48%)

IADL >= 1, (range 0–8) 114 (38%) 49 (24%) 47 (23%) 39 (23%)
FALL >=2 16 (5%) 5 (2%) 5 (2%) 3 (2%)

FALL history >=2 19 (6%) 11 (5%) 10 (5%) 7 (4%)
CES-D >= 16, (range 0–60) 106 (35%) 58 (28%) 57 (28%) 49 (28%)
PA, categories, (range 1–7) 2.91 (1.01) 3.16 (0.98) 3.15 (0.99) 3.24 (1.01)

SPPB, (range 0–12) 8.72 (3.18) 9.80 (1.98) 9.82 (1.98) 9.92 (1.87)
HAND, kg 26.98 (9.26) 28.85 (8.98) 28.81 (9.00) 29.09 (8.97)
PWR, watt 88.69 (51.28) 94.71 (51.28) 95.21 (51.62) 94.96 (48.54)
TMTA, s 78.37 (43.94) 70.51 (36.50) 70.69 (36.59) 69.48 (35.19)

Gait speed, m/s 1.11 (0.26) 1.15 (0.25) 1.15 (0.25) 1.15 (0.24)

Values are presented as mean (SD) or number (%) unless otherwise indicated

ACRONYMS: MMSE: Mini-Mental State Examination; IADL: Instrumental Activities of Daily Living, i.e., the
number of instrumental activities in which the person requires help (e.g., preparing meals, performing housework,
getting to places outside of walking distance, managing medications, etc.) [43]; FALL: Prospective falls, number
of falls occurred in the following year; FALL history: The number of falls in the last year declared during the
assessment; CES-D: Center for Epidemiologic Studies Depression Scale, a questionnaire used to assess depressive
symptoms (32); PA: Physical Activity, assessed through a questionnaire [44]; SPPB: Short Physical Performance
Battery, a measure of mobility function [8]; HAND: The Hand-Grip strength test [45] kg, stronger hand; PWR: The
lower extremity muscle power measured using the Nottingham leg extensor Power Rig [46], watt; TMTA: Trail
Making Test A, a neuropsychological test that assesses various cognitive abilities, including visual-conceptual,
visuospatial, and visual-motor tracking [47], s; Gait speed: obtained from the distance covered (7 meters) and the
total time taken to complete the test, m/s.

2.3. Instrumented Tests

Participants performed three functional tests in a fixed order: the assessment of postural sway in
Quiet Standing (QS), the 7-meters Walk (7MW) and the 5-times Chair Stand Test (CST). Not all the
subjects were able to complete the whole battery of tests: Table 1 reports the demographic and functional
profiles of each subgroup undertaking the tests. The tests were instrumented with a smartphone-based
system developed within the FARSEEING project [23]. The smartphone (Galaxy SII or Galaxy SIII,
Samsung, accelerometer range ±2 g) was worn at the lower back (fifth lumbar vertebra, L5), taken as
reference of the body COM [48], by means of an elastic waist belt. A custom Android application was
used for recording tri-axial inertial signals (Anteroposterior, AP, Mediolateral, ML, Vertical, V) from
the embedded sensors [29]. Acceleration vector magnitude, measured at the lumbar region, is within
the range of the accelerometer (±2 g) in the majority of ADLs [30,31]. That would not be true if the
sensor were placed in other positions (chest, head, or limbs). In our study, the only activity that could
saturate the acceleration signal is the sitting phase in the CST test. However, the effect produced by the
impact between the trunk and the chair would be limited to a few samples and would not affect the
assessment of the voluntary stand-to-sit movement. Since Android is not a real-time operating system,
which means that the physical sensor access depends on other software tasks running in parallel,
the sampling rate is usually not constant. We addressed this issue making use of the absolute time
reference in nanoseconds associated with each sample [32]. We verified that on the specific mobile and
Android version the actual sampling rate was on a narrow size distribution centered on 100 Hz and it
was re-sampled offline at exactly 100 Hz before the signal processing.
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The time taken to complete the 7MW and CST tests were also recorded with a stopwatch following
the usual protocol. Task segmentation and task-specific feature extraction, implemented in Matlab
R2017b [49], were based on state-of-the-art methods to characterize postural sway [50], gait [10] and
postural transitions [51]. A set of 73 sensor-based measures were computed [52]. Each test was
performed as described below. The respective sensor-based measures are shortly summarized here
and described in detail in Tables 2–4.

QS: Subjects stand for 30 seconds with their arms at their side, feet hip-width apart, wearing shoes,
with their eyes closed [53]. Twenty-three sensor-based measures are extracted from: i) the acceleration
in ML and AP directions, including measures in the time and frequency domains, and ii) the estimated
displacement of the body center of mass [50], computed in the time domain to quantify the amount
and direction of sway.

7MW: Subjects walk 7 meters at a comfortable and safe pace. The start and stop locations are
marked on the floor [53]. Gait speed is computed as the distance covered divided for the total time
taken to complete the test. Nineteen sensor-based measures are extracted from the acceleration in ML,
AP and V direction to describe temporal gait parameters and measures of smoothness, regularity, and
coordination [10,54].

CST: Subjects start seated on a chair with arms folded across the chest and with their back against
the chair’s backrest. On the command “go”, they stand up and sit down five times as quickly as
they can [53]. We segmented the CST test into its two sub-phases: Sit-to-Stand and Stand-to-Sit
transitions [51]. The AP acceleration and the angular velocity about the ML axis are used to identify
postural transitions. Overall, 31 task-specific sensor-based measures are extracted from acceleration
and angular velocity in AP, ML and V direction to quantify mean values and standard deviations
across repetitions of relevant parameters of the two sub-phases.

Table 2. Sensor-based features extracted from the QS test.

Feature Sensor Description

CF
AP ML
[55,56]

Accelerometer

Centroidal frequency; frequency at which spectral mass is concentrated.
Spectral moments are needed for the estimate:

µ0 =
N∑

i=1

PSDi = TP; µ2 =
N∑

i=1

f 2
i PSDi; CF =

√
µ2

µ0

where PSD is the Power Spectral Density of the signal, f is the frequency
vector, and N is the total number of points of the PSD. Frequencies below
0.15 Hz are usually ignored.

EA DISPL
[55,56]

Accelerometer,
Displacement

The 95% confidence Ellipse Area is the area of the confidence ellipse
enclosing 95% of the points on the sway trajectory. The accelerometer-based
postural parameter can be defined by analogy with the parameter based on
the displacement.

F50%
AP ML
[55,56]

Accelerometer

Median frequency; frequency below which 50% of total signal power (TP) is
present. Starting from the Power Spectral Density (PSD) of the signal:

gn =
n∑

i=1

PSDi ; F50% = fn , minn : gn ≥ 50%TP

where the second formula means that F50% is the frequency, f,
corresponding to the nth index which is the smallest index such that g(n) is
≥50% of the total power. The total power is equal to g(N) where N is the
total number of points of the PSD. Frequencies below 0.15 Hz are usually
ignored.
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Table 2. Cont.

Feature Sensor Description

F95%
AP ML
[55,56]

Accelerometer

Frequency below which 95% of total signal power (TP) is present. Starting
from the Power Spectral Density (PSD) of the signal:

gn =
n∑

i=1

PSDi ; F95% = fn , minn : gn ≥ 95%TP

where the second formula mean that F95% is the frequency, f, corresponding
to the nth index which is the smallest index such that g(n) is ≥95% of the
total power. The total power is equal to g(N) where N is the total number of
points of the PSD. Frequencies below 0.15 Hz are usually ignored.

FD
AP ML
[55,56]

Accelerometer

Frequency dispersion; unitless measure of the variability of the power
spectral density frequency content (zero for pure sinusoid; increases with
spectral bandwidth to one). Spectral moments are needed for the estimate:

µ0 =
N∑

i=1

PSDi = TP; µ1 =
N∑

i=1

fi PSDi ; µ2 =
N∑

i=1

f 2
i PSDi; FD =

√
1− µ2

1
µ0µ2

where PSD is the Power Spectral Density of the signal, f is the frequency
vector, and N is the total number of points of the PSD. Frequencies below
0.15 Hz are usually ignored.

MV
DISPL
AP ML
[55,56]

Accelerometer,
Displacement

Mean Velocity of the postural sway computed as the median of the absolute
value of the time series obtained integrating the acceleration:

MV = median

∫ Tend

Tstart
a(t)dt


where a is the acceleration component m/s2, Tend/Tstart are the end and the
beginning of the observation time respectively.
An alternative definition can be based upon the Sway Path (SP) of the
displacement:

MV =

(
SP

Tend − Tstart

)

NJS
AP ML
[35,54]

Accelerometer

Normalized Jerk Score of the acceleration:

NJS =

√
T5

2SP2

∫ Tend

Tstart

.
(a)

2
dt

where T is the duration (Tend − Tstart) of the considered component, a is the
acceleration measured in m/s2, and SP is the Sway Path

Range
AP ML Accelerometer Range of the signal

RMS
AP ML Accelerometer

Root Mean Square (RMS) of the signal, s (it is a measure of dispersion):

RMS =

√
1
N

N∑
i=1

(si −m)2

where N is the total number of points of the signal s, and m is the mean
value mean(s)
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Table 2. Cont.

Feature Sensor Description

SA
DISPL
[55,56]

Displacement

Sway Area (SA) estimated as the sum of the triangles formed by two
consecutive points on the sway trajectory on the horizontal plane (sAP and
sML) and the mean point (mAP and mML) on the plane:

SA =
1
2

N−1∑
i=1

∣∣∣∣(sAP,i+1 −mAP
)(

sML, i −mML
)
−

(
sAP,i −mAP

)(
sML, i+1 −mML

)∣∣∣∣
where s is a generic signal, sAP and sML are the two sway components on the
horizontal plane. N is the total number of points of the signal time series.
The accelerometer-based postural parameter can be defined by analogy
with the parameter based on the displacement.

SE
AP ML
[55,56]

Accelerometer Spectral Entropy Power spectrum entropy of acceleration (unitless).

SP
AP ML
DISPL

SP Planar
DISPL
[55,56]

Accelerometer,
Displacement

Sway Path, the total length of the sway trajectory, computed as the sum of
the distances between consecutive points in the time series. When
considering a single direction of the sway:

P =
N−1∑
i=1

(si+1 − si)

When considering the sway path on the horizontal plane:

SP =
1
2

N−1∑
i=1

(
sAP, i+1 − sAP, i

)2
+

(
sML,i+1 − sML, i

)2

where s is a generic signal, sAP and sML are the two sway components on the
horizontal plane. N is the total number of points of the signal time series.
The accelerometer-based postural parameter can be defined by analogy
with the parameter based on the displacement

ACRONYMS: AP: Antero-Posterior; CF: Centroidal Frequency; EA: Ellipse Area; F50%: Median Frequency; F95%:
Frequency below 95% of total signal power; FD: Frequency Dispersion; ML: Medio-Lateral; MV: Mean Velocity; NJS:
Normalized Jerk Score; RMS: Root Mean Square; SA: Sway Area; SE: Spectral Entropy; SP: Sway Path; V: Vertical.

Table 3. Sensor-based features extracted from the 7MW test.

Feature Sensor Description

Duration
[s]

Accelerometer/
Gyroscope Total duration of the test

Cadence
[steps/min] Accelerometer Cadence in the phase of the gait

SD Cadence Accelerometer Standard deviation of the Cadence

NJS
AP ML V

[m]
[35,54]

Accelerometer

The Normalized Jerk Score during gait is computed for each step (i.e.,
between two consecutive heel strikes), then normalized to the step
duration, and then averaged across all steps

NJS =

√
T5

2

∫ Tend

Tstart
(

.
a)2dt

where T is the duration (Tend − Tstart), a is the acceleration measured
in m/s2.
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Table 3. Cont.

Feature Sensor Description

PCI [35,57]
[-] Accelerometer

Phase Coordination Index (PCI). PCI measures gait coordination (i.e.,
the accuracy and consistency of the phase generation).

PCI = PhaseCV + 100 ·
1
N

∑N
i=1

∣∣∣ϕi − 180
◦
∣∣∣

180◦

where PhaseCV is the Coefficient of Variation of the Phase.
ϕi is the ith phase, which measures the step time with respect to the
stride time assigning 360◦ to each stride (gait cycle):

ϕi = 360
◦ hsS,i − hsL,i

hsL,i+1 − hsL,i

where hsL(i) and hsS(i) denote the time of the ith heel strike of the legs
with the long and short step times, respectively.

Range
AP ML V

[m/s2]
Accelerometer Range of the signal

RMS
AP ML V

[m/s2]
Accelerometer

Root Mean Square (RMS) of the signal, s (it is a measure of dispersion):

RMS =

√
1
N

N∑
i=1

(si −m)2

where N is the total number of points of the signal s, and m is the
mean value mean(s)

Reg [10]
AP ML V [10]

[-]
Accelerometer

Step and Stride regularity measured by means of the unbiased
estimate of the autocorrelation function of the signal s:

Aunbiased =
1

N − |n|

N−|n|∑
i=1

sisi+n

where N is the total number of points of the signal and n is the phase
shift in number of samples.
First dominant period (Ad1) of the autocorrelation coefficient is an
expression of the step regularity.
Second dominant period (Ad2) of the autocorrelation coefficient is an
expression of the Stride regularity

ACRONYMS: AP: Antero-Posterior; ML: Medio-Lateral; NJS: Normalized Jerk Score; PCI: Phase Coordination
Index; Reg: Regularity; RMS: Root Mean Square; SD: Standard Deviation; V: Vertical.

Table 4. Sensor-based features extracted from the CST Test.

Feature Sensor Task Description

SD
Duration

Accelerometer/
Gyroscope

Sit-to-Stand,
Stand-to-Sit

Standard deviation of the duration of each subtask of
the test.

Duration
[s]

Accelerometer/
Gyroscope

Total, Sit-to-Stand,
Stand-to-Sit Duration of each subtask of the test.

NJS
AP ML V

[m]
Accelerometer Sit-to-Stand,

Stand-to-Sit

Normalized Jerk Score of the acceleration (it is
related with the smoothness of the movement):

NJS =

√
T5

2

∫ Tend

Tstart
(

.
a)2dt

where T is the duration (Tend-Tstart) of the considered
sub-task and a is the acceleration measured in m/s2.
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Table 4. Cont.

Feature Sensor Task Description

Range
AP ML V

[m/s2],
[◦/s]

Accelerometer,
Gyroscope

Sit-to-Stand,
Stand-to-Sit

Range of the signal, during the considered sub-task
of the test

RMS
AP, ML, V

[m/s2],
[◦/s]

Accelerometer,
Gyroscope

Sit-to-Stand,
Stand-to-Sit

Root Mean Square (RMS) of the signal, s, during the
considered sub-task of the test (it is a measure of
dispersion):

RMS =

√
1
N

N∑
i=1

(si −m)2

where N is the total number of points of the signal s,
and m is the mean value mean(s)

ACRONYMS: AP: Antero-Posterior; ML: Medio-Lateral; NJS: Normalized Jerk Score; RMS: Root Mean Square; SD:
Standard Deviation; V: Vertical.

2.4. Definition of the Conceptual Model

For each instrumented test one EFA was applied to the related sensor-based measures to reduce
the dimension of the dataset and to discover the underlying relationships between measures. Since the
EFA is based on the assumption of normally distributed data, the jerk scores were log transformed,
and all the sensor-based measures were standardized to zero mean and unit variance before EFA.
Varimax rotation was used to derive orthogonal factor scores. We considered relevant sensor-based
measures with factor loading greater than 0.5 as the absolute value. For each EFA, a scree plot (Parallel
analysis) was used to determine the minimum number of factors to retain. To retain as much of the
original information as possible, we verified that each resulting factor structure explained at least 70%
of the total variance [58]. We hence defined a conceptual model for PC assessment based on the EFA
results: We mapped each factor into a specific conceptual domain. Based on our a priori knowledge,
the sensor-based measures that contribute to each factor were analyzed and functionally interpreted to
identify the corresponding construct. These constructs represent the domains of the conceptual model.
Figure 1 shows the flowchart of the conceptual model development process.

2.5. Statistical Analysis

Once the constructs (domains) of the conceptual model were defined, we analyzed the following
associations: (i) the association between domains in the conceptual model, (ii) the associations between
domains and health-related measures, and (iii) the association between health-related measures. The
first two associations were performed to investigate the construct validity, while the third analysis was
performed to investigate the relationships between health-related measures and whether the covariates
influence them. These associations were investigated by computing linear regression analyses. We
selected a limited number of covariates from the ones that were available (i.e., age, gender, cognitive
status and anthropometric measures) which are known to affect both the heath-related measures
and physical performance. Each linear regression analysis was performed two times: first, without
adjusting for any covariate and then, adjusting for Age, Gender, Height, Weight, MMSE and number
of medications. Finally, the two results were compared to assess the effect of these covariates on
the relationships.

We used Bland-Altman analysis to assess the agreement between the smartphone and the
stopwatch in measuring the time taken to perform the 7MW and CST tests.

EFA and statistical analyses were performed using RStudio (version R 3.4.3) [59].
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Figure 1. Flowchart of the conceptual model development process. Nm is the number of sensor-based
measures extracted from each test, Nf is the number of factors and NTOT is the total number of domains
constituting the conceptual model.

3. Results

Sensor-based measures contributing to each factor obtained from the EFA performed on each test
of the battery, percentage of the explained variance and corresponding domains are shown in Figure 2.
The a priori knowledge and the functional interpretation of the factors were used for labelling the
domains making up the model. As an example, the MV AP DISPL and SP AP DISPL participate to the
fourth factor of the QS conceptual model (QS4, see Table 5). These measures have been related to the
effectiveness of the postural control system [55], and for this reason, the domain was then labelled as
“AP Postural Control Impairment”. Step and stride regularity participate to the second factor of the
7MW model (7MW2, see Table 6), which was labelled “Gait Irregularity” [10] and so forth.



Sensors 2019, 19, 2227 11 of 24

Sensors 2018, 18, x FOR PEER REVIEW  10 of 23 

 

MMSE and number of medications. Finally, the two results were compared to assess the effect of 

these covariates on the relationships.  

We used Bland-Altman analysis to assess the agreement between the smartphone and the 

stopwatch in measuring the time taken to perform the 7MW and CST tests. 

EFA and statistical analyses were performed using RStudio (version R 3.4.3) [59].  

3. Results 

Sensor-based measures contributing to each factor obtained from the EFA performed on each 

test of the battery, percentage of the explained variance and corresponding domains are shown in 

Figure 2. The a priori knowledge and the functional interpretation of the factors were used for 

labelling the domains making up the model. As an example, the MV AP DISPL and SP AP DISPL 

participate to the fourth factor of the QS conceptual model (QS4, see Table 5). These measures have 

been related to the effectiveness of the postural control system [55], and for this reason, the domain 

was then labelled as “AP Postural Control Impairment”. Step and stride regularity participate to the 

second factor of the 7MW model (7MW2, see Table 6), which was labelled “Gait Irregularity” [10] 

and so forth. 

 

Figure 2. Sensor-based measures contributing to each factor and corresponding domain of the 

conceptual model for each instrumented test (Orange: Quiet Standing, QS, Green: 7-Meters Walk, 

7MW, Blue: Chair Stand, CST). ACRONYMS: A: Accelerometer; AP: Antero-Posterior; CF: Centroidal 

Frequency; DISPL: displacement; EA: Ellipse Area; FD: Frequency Dispersion; F50%: median 

frequency, F95%: frequency bandwidth; G: Gyroscope; M: Mean; ML: Medio-Lateral; MV: Mean 

Velocity; NJS: Normalized Jerk Score; PCI: Phase Coordination Index; Reg: Regularity; RMS: Root 

Mean Square; SA: Sway Area; SD: Standard Deviation; SE: Spectral Entropy; SP: Sway Path; Sts: Sit to 

Stand; stS: Stand to Sit; V: Vertical. 

Figure 2. Sensor-based measures contributing to each factor and corresponding domain of the
conceptual model for each instrumented test (Orange: Quiet Standing, QS, Green: 7-Meters Walk,
7MW, Blue: Chair Stand, CST). ACRONYMS: A: Accelerometer; AP: Antero-Posterior; CF: Centroidal
Frequency; DISPL: displacement; EA: Ellipse Area; FD: Frequency Dispersion; F50%: median frequency,
F95%: frequency bandwidth; G: Gyroscope; M: Mean; ML: Medio-Lateral; MV: Mean Velocity; NJS:
Normalized Jerk Score; PCI: Phase Coordination Index; Reg: Regularity; RMS: Root Mean Square; SA:
Sway Area; SD: Standard Deviation; SE: Spectral Entropy; SP: Sway Path; Sts: Sit to Stand; stS: Stand to
Sit; V: Vertical.

3.1. QS Factor Model

The EFA grouped 19 out of 23 sensor-based measures into 4 factors, accounting for 70% of total
variance (see Table 5). The resulting independent domains were labeled as: “Postural Instability”,
“AP Postural Reaction Time and Jerkiness”, “ML Postural Reaction Time and Jerkiness”, “AP Postural
Control Impairment”.

3.2. MW Factor Model

The EFA grouped all 19 sensor-based measures into 5 factors, accounting for 77% of total variance
(see Table 6). The resulting independent domains were labeled as: “Walking Impairment”, “Gait
Irregularity”, “Gait Jerkiness”, “ML Gait Instability”, “Gait Variability”.

3.3. CST Factor Model

The EFA grouped 29 out of 31 sensor-based measures into 6 factors, accounting for 80% of total
variance (see Table 7). The resulting independent domains were labeled as: “Dynamic Postural
Impairment”, “Sit-to-Stand Jerkiness”, “ML Dynamic Postural Instability”, “Stand-to-Sit Jerkiness”,
“AP Stand-to-Sit Weakness”, “AP Sit-to-Stand Weakness”.
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Table 5. QS factor model: factor loadings of the sensor-based measures, corresponding domains and
Cumulative Variance (CV) (Varimax Rotation).

Domain Postural
Instability

AP Postural Reaction
Time and Jerkiness

ML Postural Reaction
Time and Jerkiness

AP Postural Control
Impairment

Factor QS1 QS2 QS3 QS4

Range A ML 0.948 −0.107 −0.145 0.066
RMS A ML 0.933 −0.012 −0.250 0.015
SA DISPL 0.928 0.011 −0.069 0.129

SP ML DISPL 0.872 −0.142 −0.096 0.183
MV ML DISPL 0.795 −0.119 −0.105 0.203

EA DISPL 0.774 0.056 −0.115 −0.029
SP Planar DISPL 0.764 −0.056 −0.082 0.625

Range A AP 0.706 0.185 −0.107 0.432
RMS A AP 0.675 0.288 −0.144 0.296

CF AP −0.126 −0.983 0.113 −0.003
F95 AP −0.103 −0.918 0.141 −0.068
NJS AP 0.121 −0.789 0.106 −0.130
F50 AP −0.129 −0.774 0.102 0.165
CF ML −0.195 −0.201 0.957 −0.024

F95% ML −0.263 −0.153 0.872 −0.048
NJS ML −0.051 −0.168 0.849 −0.109
F50% ML −0.088 −0.207 0.794 −0.010

MV AP DISPL 0.533 −0.006 −0.097 0.802
SP AP DISPL 0.626 −0.004 −0.084 0.765

SE ML −0.169 0.03 0.230 −0.041
SE AP 0.117 −0.312 0.094 −0.073
FD ML −0.066 0.178 −0.156 −0.112
FD AP 0.016 −0.280 0.032 −0.298
CV% 31 46 61 70

Relevant factor loadings (absolute value > 0.5) are bolded

ACRONYMS: A: Accelerometer; AP: Antero-Posterior; CF: Centroidal Frequency; CV: Cumulative Variance; EA:
Ellipse Area; F50%: Median Frequency; F95%: Frequency below 95% of total signal power; FD: Frequency Dispersion;
Medio-Lateral; MV: Mean Velocity; NJS: Normalized Jerk Score; RMS: Root Mean Square; SA: Sway Area; SE:
Spectral Entropy; SP: Sway Path; V: Vertical.

Table 6. 7MWT factor model: Factor loadings of the sensor-based measures, corresponding domains
and Cumulative Variance (CV) (Varimax Rotation).

Domains Walking
Impairment

Gait
Irregularity

Gait
Jerkiness

ML Gait
Instability

Gait
Variability

Factors 7MW1 7MW2 7MW3 7MW4 7MW5

Range A V −0.916 −0.030 −0.116 0.035 −0.050
RMS A V −0.909 −0.279 −0.106 0.046 −0.109

Range A AP −0.882 −0.046 −0.157 0.113 −0.102
RMS A AP −0.866 −0.183 −0.119 0.181 −0.140

Range A ML −0.735 0.227 −0.113 0.521 −0.008
RMS A ML −0.727 0.070 0.044 0.678 −0.012

Cadence 0.708 0.253 −0.654 0.005 0.047
Total duration 0.663 0.394 0.017 0.014 0.237
Stride Reg V −0.163 −0.844 −0.007 −0.120 −0.158

Stride Reg AP 0.087 −0.823 −0.008 0.130 −0.174
Step Reg V −0.279 −0.737 −0.001 −0.145 −0.223

Step Reg AP −0.151 −0.658 −0.063 0.072 −0.215
Stride Reg ML −0.026 −0.633 0.176 0.445 0.013

NJS V −0.125 0.050 −0.826 −0.007 0.147
NJS AP −0.404 −0.176 −0.662 0.078 −0.116
NJS ML −0.179 0.064 −0.389 0.669 −0.012

Step Reg ML −0.065 −0.387 0.204 0.557 −0.003
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Table 6. Cont.

Domains Walking
Impairment

Gait
Irregularity

Gait
Jerkiness

ML Gait
Instability

Gait
Variability

Factors 7MW1 7MW2 7MW3 7MW4 7MW5

PCI 0.120 0.269 −0.007 0.001 0.893
SD Cadence 0.234 0.390 −0.123 −0.017 0.836

CV% 30 48 58 68 77

Relevant factor loadings (absolute value > 0.5) are bolded

ACRONYMS: A: Accelerometer; AP: Antero-Posterior; CV: Cumulative Variance; ML: Medio-Lateral; NJS:
Normalized Jerk Score; PCI: Phase Coordination Index; Reg: Regularity; RMS: Root Mean Square; SD: Standard
Deviation; V: Vertical.

Table 7. CST factor model: Factor loadings of the sensor-based measures, corresponding domains and
Cumulative Variance (CV) (Varimax Rotation).

Domains
Dynamic
Postural

Impairment

Sit-to-Stand
Jerkiness

ML Dynamic
Postural

Instability

Stand-to-Sit
Jerkiness

AP Stand-to-Sit
Weakness

AP Sit-to-Stand
Weakness

Factors CST1 CST2 CST3 CST4 CST5 CST6

Sts G RMS ML −0.904 −0.008 −0.115 −0.137 −0.003 −0.060
Sts G Range ML −0.846 0.031 −0.16 −0.045 −0.032 −0.292

stS A RMS V −0.836 0.118 −0.195 0.259 −0.103 0.101
stS G RMS ML −0.832 −0.203 −0.142 −0.153 −0.245 −0.042
Sts A Range V −0.826 0.131 −0.213 0.392 0.004 0.071
Sts A RMS V −0.809 0.128 −0.176 0.393 0.086 0.148

stS A Range V −0.702 0.090 −0.23 0.112 −0.395 −0.087
stS G Range ML −0.659 −0.128 −0.173 −0.094 −0.454 −0.151

Sts JS V −0.207 0.909 0.084 0.208 0.118 0.084
Sts JS AP −0.054 0.909 0.071 0.238 −0.102 0.133
Sts JS ML −0.047 0.897 −0.032 0.205 0.15 0.127

Duration Sts 0.027 0.85 0.179 0.286 0.331 0.145
SD Duration Sts 0.154 0.718 0.024 −0.109 0.026 −0.081
Total Duration −0.039 0.706 0.173 0.529 0.277 0.243
Sts A RMS ML −0.055 0.019 −0.938 −0.048 −0.131 −0.161

Sts A Range ML −0.118 0.008 −0.918 0.013 −0.129 −0.245
Sts G RMS AP −0.255 −0.086 −0.651 −0.012 −0.049 −0.100
stS A RMS ML −0.126 −0.140 −0.644 −0.111 −0.402 −0.049
Sts G Range AP −0.394 −0.085 −0.638 0.084 −0.037 −0.106
stS A Range ML −0.116 −0.056 −0.511 −0.075 −0.504 −0.110

stS JS AP −0.162 0.226 0.043 0.905 0.098 −0.122
stS JS ML −0.106 0.291 −0.234 0.859 0.123 0.218
stS JS V −0.348 0.304 0.059 0.836 0.143 0.173

Duration stS −0.097 0.404 0.161 0.778 0.197 0.338
SD Duration stS 0.210 −0.080 0.151 0.595 −0.125 0.090
stS A Range AP −0.138 −0.164 −0.292 −0.070 −0.859 −0.193
stS A RMS AP −0.208 −0.304 −0.295 −0.136 −0.764 −0.284

Sts A Range AP −0.084 −0.216 −0.304 −0.239 −0.229 −0.842
Sts A RMS AP −0.138 −0.215 −0.315 −0.276 −0.224 −0.786

stS G Range AP −0.320 −0.055 −0.402 −0.056 −0.342 0.068
stS G RMS AP −0.221 −0.134 −0.449 −0.110 −0.317 0.105

CV% 19 35 50 64 73 80

Relevant factor loadings (absolute value > 0.5) are bolded

ACRONYMS: A: Accelerometer; AP: Antero-Posterior; CV: Cumulative Variance; G: Gyroscope; ML: Medio-Lateral;
NJS: Normalized Jerk Score; RMS: Root Mean Square; SD: Standard Deviation; Sts: Sit to Stand; stS: Stand to Sit;
V: Vertical.

3.4. Construct Validity Analysis

The results of the construct validity analysis are reported in Tables 8 and 9. The linear regression
analysis between the health-related measures provided results reported in Table 10. Beta coefficients
with a p-value ≤ 0.05 are bolded.
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Table 8. Construct validity analysis: Linear regression between domains.

QS1 QS2 QS3 QS4 7MW1 7MW2 7MW3 7MW4 7MW5 CST1 CST2 CST3 CST4 CST5 CST6

QS1 0.002 −0.005 0.024 0.160 0.116 −0.108 0.127 0.096 −0.031 0.261 −0.103 0.382 −0.211 0.172
QS2 0.002 −0.001 −0.002 −0.029 0.110 0.043 0.045 −0.025 0.083 0.076 0.055 0.018 −0.028 0.064
QS3 −0.005 −0.001 0.004 0.056 0.032 0.000 −0.124 0.022 0.018 −0.020 −0.056 −0.117 −0.043 0.009
QS4 0.024 −0.002 0.004 0.154 0.119 −0.008 0.026 −0.014 −0.058 0.065 0.004 0.296 0.017 0.149

7MW1 0.168 −0.029 0.058 0.160 0.016 −0.020 −0.029 0.002 0.151 0.276 0.166 0.323 0.152 0.324
7MW2 0.132 0.122 0.035 0.135 0.018 −0.016 0.030 0.045 −0.020 0.247 −0.179 0.174 −0.141 0.144
7MW3 −0.115 0.044 0.000 −0.009 −0.020 −0.015 −0.018 0.011 0.047 −0.112 0.301 −0.112 0.082 0.166
7MW4 0.135 0.046 −0.129 0.028 −0.030 0.029 −0.018 −0.004 −0.097 0.050 −0.016 0.112 −0.031 −0.115
7MW5 0.106 −0.026 0.024 −0.016 0.002 0.044 0.011 −0.005 0.126 0.148 −0.024 0.078 0.004 0.178
CST1 −0.024 0.092 0.018 −0.047 0.130 −0.017 0.048 −0.105 0.124 −0.002 0.008 −0.011 0.010 0.002
CST2 0.208 0.088 −0.020 0.054 0.231 0.204 −0.112 0.053 0.142 −0.002 0.000 0.011 0.013 0.002
CST3 −0.080 0.062 −0.056 0.003 0.139 −0.148 0.300 −0.017 −0.023 0.008 0.000 −0.004 0.016 0.016
CST4 0.296 0.020 −0.117 0.239 0.267 0.142 −0.110 0.117 0.074 −0.011 0.011 −0.004 0.009 0.012
CST5 −0.170 −0.033 −0.044 0.014 0.131 −0.120 0.085 −0.033 0.004 0.011 0.013 0.017 0.009 0.013
CST6 0.136 0.073 0.009 0.123 0.273 0.120 0.166 −0.122 0.172 0.002 0.002 0.016 0.012 0.012

Results adjusted for Age, Gender, Height, Weight, MMSE and NM

QS1 0.040 −0.009 −0.038 0.045 0.048 −0.072 0.168 0.057 −0.021 0.164 −0.109 0.268 −0.243 0.158
QS2 0.038 −0.003 0.004 0.007 0.146 0.001 0.039 −0.007 0.086 0.100 0.044 0.032 −0.024 0.073
QS3 −0.008 −0.003 −0.007 0.052 0.040 0.007 −0.081 0.009 0.017 −0.009 −0.053 −0.122 −0.049 0.000
QS4 −0.039 0.005 −0.007 0.045 0.052 −0.032 0.037 −0.061 −0.021 0.016 −0.099 0.131 −0.004 0.040

7MW1 0.061 0.010 0.073 0.059 −0.090 −0.123 0.051 −0.065 0.237 0.263 0.064 0.210 0.127 0.174
7MW2 0.056 0.177 0.049 0.059 −0.077 0.049 0.012 −0.006 −0.001 0.184 −0.164 0.048 −0.154 0.145
7MW3 −0.101 0.002 0.010 −0.044 −0.127 0.059 −0.091 0.101 0.047 0.048 0.261 −0.164 0.071 −0.079
7MW4 0.189 0.045 −0.095 0.040 0.042 0.012 −0.074 0.037 −0.078 0.103 0.002 0.108 0.002 −0.079
7MW5 0.060 −0.008 0.010 −0.063 −0.051 −0.006 0.077 0.035 0.140 0.080 0.018 0.007 0.010 0.207
CST1 −0.016 0.100 0.017 −0.015 0.155 −0.001 0.032 −0.078 0.139 −0.012 0.026 0.081 0.005 −0.013
CST2 0.133 0.129 −0.011 0.013 0.179 0.156 0.035 0.107 0.083 −0.013 0.035 −0.064 0.014 0.018
CST3 −0.086 0.055 −0.059 −0.079 0.044 −0.139 0.188 0.002 0.018 0.028 0.036 −0.063 −0.012 −0.116
CST4 0.249 0.048 −0.161 0.124 0.164 0.047 −0.136 0.129 0.008 0.102 −0.077 −0.073 −0.002 −0.080
CST5 −0.176 −0.028 −0.050 −0.003 0.079 −0.119 0.047 0.002 0.009 0.005 0.013 −0.011 −0.002 −0.039
CST6 0.141 0.104 0.000 0.036 0.133 0.138 −0.064 −0.091 0.241 −0.016 0.020 −0.13 −0.077 −0.047

β coefficients with a p-value < 0.05 are bolded

ACRONYMS: MMSE: Mini-Mental State Examination; NM: Number of Medications.
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Table 9. Construct validity analysis: Linear regression between domains and health-related measures.

IADL FALL
History CES-D PA SPPB HAND PWR TMTA Gait

Speed

QS1 0.226 0.231 0.378 −0.088 −0.721 −0.966 −4.337 8.835 −0.059
QS2 −0.022 −0.099 1.202 −0.004 −0.127 0.035 −1.732 −4.713 0.006
QS3 0.006 −0.074 −0.129 −0.095 −0.134 −0.402 −1.994 1.431 −0.010
QS4 0.083 −0.230 0.598 −0.097 −0.577 −1.373 −7.576 9.340 −0.039

7MW1 0.394 −0.091 1.655 −0.377 −1.317 −3.038 −19.142 14.173 −0.205
7MW2 0.236 0.431 0.992 −0.283 −0.73 −0.754 −7.039 8.028 −0.092
7MW3 0.123 −0.079 1.144 −0.175 −0.071 −3.851 −16.295 −0.270 −0.011
7MW4 0.044 0.124 −0.379 0.095 −0.037 −0.508 4.473 −1.953 0.021
7MW5 0.068 0.094 0.165 −0.100 −0.495 −0.391 −3.496 3.815 −0.054
CST1 0.116 0.207 −0.042 0.024 −0.056 −0.334 −2.786 −1.448 −0.038
CST2 0.17 0.325 0.388 −0.097 −0.914 0.080 −4.985 6.339 −0.088
CST3 −0.001 −0.027 1.479 −0.108 −0.232 −2.518 −12.943 −1.101 −0.025
CST4 0.185 −0.146 0.129 −0.140 −0.922 −1.550 −4.761 10.736 −0.070
CST5 −0.078 −0.064 −0.308 −0.003 −0.290 −1.036 −9.480 −1.641 −0.016
CST6 0.170 0.254 2.473 −0.312 −0.728 −3.859 −22.155 4.530 −0.094

Results adjusted for Age, Gender, Height, Weight, MMSE and NM

QS1 0.125 0.178 0.071 −0.005 −0.430 −0.764 −0.855 3.654 −0.024
QS2 0.022 −0.046 1.266 −0.019 −0.221 0.232 −2.298 −2.615 −0.006
QS3 0.018 −0.055 −0.265 −0.087 −0.121 −0.213 −0.065 0.893 −0.013
QS4 −0.017 −0.241 0.106 0.017 −0.205 −0.452 −2.679 4.533 −0.003

7MW1 0.189 −0.328 0.555 −0.157 −0.836 −0.636 −6.004 6.110 −0.161
7MW2 0.159 0.450 1.053 −0.263 −0.484 −1.142 −7.652 2.755 −0.071
7MW3 0.064 −0.159 0.011 −0.046 0.107 −0.407 −3.497 −0.892 0.023
7MW4 0.079 0.157 −0.126 0.045 −0.180 −1.121 −0.908 0.645 0.006
7MW5 0.023 0.096 0.214 −0.082 −0.349 −0.673 −3.001 0.017 −0.039
CST1 0.133 0.158 0.063 −0.010 −0.140 −0.196 −0.991 −2.428 −0.040
CST2 0.114 0.389 0.680 −0.106 −0.818 −0.801 −6.630 1.341 −0.072
CST3 −0.065 −0.028 0.785 0.043 −0.017 −0.774 −5.934 −2.237 0.003
CST4 0.058 −0.120 −0.707 0.026 −0.625 −0.890 0.845 5.898 −0.037
CST5 −0.112 −0.087 −0.699 0.054 −0.210 −0.301 −5.255 −3.084 −0.002
CST6 0.031 0.178 1.337 −0.115 −0.460 −0.737 −6.317 −1.596 −0.047

β coefficients with a p-value < 0.05 are bolded

ACRONYMS: CES-D: Center for Epidemiologic Studies Depression Scale; FALL history: declared number of
falls; HAND. Hand-Grip strength test; IADL: Instrumental Activities of Daily Living; MMSE: Mini-Mental State
Examination; NM: Number of Medications; PA: Physical Activity; PWR. lower extremity muscle power; SPPB: Short
Physical Performance Battery; TMTA: Trail Making Test A.

Table 10. Linear regression analysis between health-related measures.

IADL FALL
History CES-D PA SPPB HAND PWR TMTA Gait

Speed

IADL −0.038 0.714 −0.295 −0.902 −1.900 −11.782 11.805 −0.104
FALL history −0.014 0.432 −0.050 −0.217 −0.618 −2.363 0.222 −0.022

CES-D 0.016 0.024 −0.035 −0.049 −0.421 −2.091 1.004 −0.009
PA −0.377 −0.167 −2.039 0.955 3.654 19.125 −9.962 0.126

SPPB −0.256 −0.160 −0.638 0.212 1.736 10.669 −7.883 0.091
HAND −0.029 −0.024 −0.295 0.043 0.093 3.764 −1.311 0.012
PWR −0.006 −0.003 −0.046 0.007 0.018 0.118 −0.187 0.002

TMTA 0.010 0.000 0.039 −0.006 −0.023 −0.072 −0.328 −0.003
Gait speed −2.013 −1.083 −7.897 1.905 6.198 15.703 98.927 −76.769
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Table 10. Cont.

IADL FALL
History CES-D PA SPPB HAND PWR TMTA Gait

Speed

Results adjusted for Age, Gender, Height, Weight, MMSE and NM

IADL −0.212 −0.313 −0.133 −0.462 0.056 −1.681 2.992 −0.039
FALL history −0.064 0.269 −0.027 −0.170 −0.149 0.115 −1.307 −0.010

CES-D −0.006 0.017 −0.010 0.002 −0.044 −0.321 0.323 −0.003
PA −0.177 −0.121 −0.668 0.421 0.398 3.257 −0.577 0.061

SPPB −0.165 −0.202 0.043 0.113 0.768 6.378 −2.539 0.070
HAND 0.002 −0.018 −0.085 0.011 0.080 2.059 −0.815 0.007
PWR −0.001 0.000 −0.012 0.002 0.013 0.039 0.050 0.001

TMTA 0.003 −0.004 0.017 0.000 −0.007 −0.022 0.072 −0.001
Gait speed −1.049 −0.904 −3.734 1.222 5.199 5.239 52.521 −35.582

β coefficients with a p-value < 0.05 are bolded

ACRONYMS: CES-D: Center for Epidemiologic Studies Depression Scale; FALL history: declared number of
falls; HAND. Hand-Grip strength test; IADL: Instrumental Activities of Daily Living; MMSE: Mini-Mental State
Examination; NM: Number of Medications; PA: Physical Activity; PWR. lower extremity muscle power; SPPB: Short
Physical Performance Battery; TMTA: Trail Making Test A.

3.5. Bland-Altman Analysis

Limits of agreement between the smartphone- and stopwatch-based duration of 7MW and CST
were [−0.58, 3.32] s and [−0.13, 5.98] s, respectively.

4. Discussion

We aimed to assess whether a battery of instrumented tests is suitable for obtaining a sensor-based
conceptual model for the assessment of the older adults’ PC. Our goal was to explore the possible
underlying factor structure of the instrumented measures obtained in the tests. For this purpose,
we performed one EFA on each set of sensor-based measures obtained from each instrumented test.
Machine and statistical learning methods could lead to better results in terms of prediction of the
outcome, but these techniques do not take into account the latent structure of the dataset. Therefore,
we included all the features in the model as opposed to identifying specific predictors in the original
dataset (i.e., the subset of features that achieves the best prediction performance). The domains of the
thus obtained conceptual model, which are a linear combination of the original instrumented measures,
could also be used as predictors for an outcome, but through EFA they are built independently of a
specific outcome. However, these techniques could be evaluated in future studies. An alternative
method to EFA, which also reduces the number of features by building linear combinations of the
original set of features, is Principal Component Analysis (PCA). Although PCA and EFA sometimes
might produce similar results, they are in fact two distinct techniques. The goal of PCA is data
reduction, while the goal of EFA is to discover the latent factors that are responsible for a set of
measured variables [60]. Indeed, PCA determines linear combinations of the measured variables
retaining as much information as possible, without differentiating between common and unique
variance. On the contrary, EFA estimates latent constructs that cannot be measured directly (factors).
The potential limitations of using EFA are the following: i) it is an exploratory, data-driven procedure,
which it is not designed to test hypotheses or theories; ii) the computation of the same set of features is
needed for new predictions; iii) if the sample is not representative enough of the general population,
it could produce domains that are sample specific. Despite these limitations, we believe that this is
the best approach to provide a simplified structure of our original dataset, since the factors, which
are obtained independently of a specific outcome, are based on the underlying latent structure. We
used the a priori knowledge on the instrumented measures and the functional meaning of the EFA
results to approach the conceptual interpretation and naming of the factors. This procedure has led to
obtaining the domains constituting the conceptual model finally. Since Varimax rotation was used to
derive the factor scores, we can assume that the obtained factors are independent. Indeed, as expected,
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we found no association between the domains of each functional test (see Table 8). Our work was
exploratory, aiming to expand our knowledge and assess the feasibility of developing a model of PC by
simplifying the structure from a large number of instrumented measures available. For this purpose,
we explored and interpreted the associations between instrumented and standard clinical measures.
Tables 8–10 show that we found several significant associations in both the unadjusted and adjusted
linear regression analyses. The associations that were not explained by the covariates were consistent
and confirmed the functional meaning of the domains

In general, the “Walking Impairment” (7MW1) and “Gait Irregularity” (7MW2) domains obtained
from the 7MW test were significantly associated with measures of leg muscle power, usual gait
speed, and overall lower extremity function. After adjusting for the covariates, two domains were
not associated with any health-related measures (see Table 9): the “ML Postural Reaction Time and
Jerkiness” (QS3) of the QS factor model, and the “Gait Jerkiness” (7MW3) of the 7MW factor model. This
could be due either to non-linear associations between domains and measures or to their association
with other health-related measures that were not included in this study. For example, it has been
proposed that the capacities in ML direction may be associated with the risk of falls [61] which may
not be adequately described by the history of falls. Furthermore, the lack of correlation between quiet
standing and fall history could be due to the small number of falls reported by this healthy and fit
population. Indeed, only 6% and 5% of the total population experienced at least 2 falls in the previous
and following year respectively (see Table 1). In summary, higher-functioning (both physical, SPPB,
and cognitive, TMTA) older adults who were more active (PA) and stronger (HAND, PWR) performed
better on the instrumented functional tests. A more detailed discussion of these results follows.

4.1. Gait Speed

Gait speed was significantly related to domains of the 7MW and CST both in the unadjusted
and adjusted model. This is in agreement with other studies in which gait speed was shown to be
a good health indicator for older adults [62]. Conversely, the association between this measure and the
capacities to maintain the static balance were explained by the covariates. This finding suggests that
gait speed may be a useful measure of dynamic balance, but it might not be useful in predicting the
abilities to maintain static balance.

4.2. SPPB

The covariates explained the association between the Short Physical Performance Battery (SPPB)
score and CES-D, TMTA, “AP Postural Control Impairment” (QS4), and “AP Stand-to-Sit Weakness”
(CST5). The SPPB score is a measure of the older adults’ functional capacity and includes tests of
balance, gait speed, and repeated chair stands. The higher the SPPB score, the better the adults’
performance. As we expected, older adults with high SPPB score, had less IADL, less falls in the last
12 months (FALL-history), they were more active (PA), stronger (HG and PWR), they had less “Postural
Instability” (QS1), they showed less difficulties in walking (gait speed, “Walking Impairment”, 7MW1,
“Gait Irregularity”, 7MW2, “Gait Variability”, 7MW5) and in performing the CST test (“Sit-to-Stand
Jerkiness”, CST2, “Stand-to-Sit Jerkiness”, CST4, “AP Sit-to-Stand Weakness”, CST6).

4.3. IADL

The association between IADL and HG, PR, TMTA and the domains of QS (“Postural Instability”,
QS1) and CST (“Sit-to-Stand Jerkiness”, CST2, “Stand-to-Sit Jerkiness”, CST4 and “AP Sit-to-Stand
Weakness”, CST6) factor model were explained by the covariates. These results show that older adults
who had a higher number of instrumental activities in which they required help were also less active
and fit, and they had more difficulties while walking (PA, SPPB, gait speed, “Walking Impairment”,
7MW1, “Gait Irregularity”, 7MW2).
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4.4. FALL-History

The associations between the number of falls experienced during the last 12 months (FALL-history)
and SPPB, “Gait Irregularity” (7MW2) and “Sit-to-Stand Jerkiness” (CST2) were not explained by the
covariates. This implies that older adults who experienced more falls showed poorer performances
in the domains that require strength. Indeed, they were less fit and less smooth during postural
transitions. Gait speed was not related to the history of falls, but older adults who fell more showed
a less regular gait. This finding is in agreement with a recent study, in which senior athletes with
a history of falling demonstrate poorer performance than those who report no falls, and CST was
highly related to fall history, suggesting the need for strength besides the balance in an individual’s
ability to prevent falls [63].

4.5. CES-D

CES-D is a screening test for depression and depressive disorders. The associations between
CES-D and all the health-related measures, the domains of the 7MW (“Walking Impairment”, 7MW1
and “Gait Jerkiness”, 7MW3) and CST (“ML Dynamic Postural Instability”, CST3) factor models,
were explained by the covariates. In summary, after adjusting for the covariates, older adults who
reported depressive symptoms were less reactive and smooth during the QS test (“AP Postural Reaction
Time and Jerkiness”, QS2), and they showed more “Gait Irregularity” (7MW2) and “AP Sit-to-Stand
Weakness” (CST6). Since postural transitions need high Range of Motion, older adults with depressive
symptoms appear to be less strong and reactive. This result is in agreement with the study by Penninx
et al. [64] in which depressive symptoms were predictive for decline in physical performance.

4.6. PA

The associations between the declared physical activity (PA) and the CES-D, HG, PR, TMTA,
“Gait Jerkiness” (7MW3) and “AP Sit-to-Stand Weakness” (CST6) were explained by the covariates.
As expected, older adults who were less active, had a higher number of instrumental activities in
which they required help (IADL), they were less fit (SPPB), and less able to walk (gait speed, “Walking
Impairment”, 7MW1, “Gait Irregularity” 7MW2).

4.7. HAND

The association between Hand-Grip strength test (HAND) and IADL, CES-D, PA, TMTA, “AP
Postural Instability” (QS4) and some domains of the 7MW (“Walking Impairment”, 7MW1, “Gait
Jerkiness”, 7MW3) and CST (“ML Dynamic Postural Instability”, CST3, “Stand-to-Sit Jerkiness”, CST4,
“AP Sit-to-Stand Weakness”, CST6) factor models were explained by the covariates. The performances
in the CST test reflect the strength of the lower limbs. Surprisingly, after adjusting for the covariates, no
significant associations between upper limbs strength (HG) and CST factor model were found. Older
adults with higher HAND were more fit and strong (SPPB and PWR), they had better capacities in
maintaining static balance (“Postural Instability”, QS1), and walking (gait speed, “Gait Irregularity”,
7MW2 and “ML Gait Instability”, 7MW4). These results are consistent with the findings of a previous
study that highlighted the association between grip-strength and future outcome in aging adults [65].

4.8. PWR

After adjusting for the covariates, only the SPPB score, the HAND and the gait speed were
significantly associated with the lower limbs strength (PWR). No significant associations between PWR
and domains of the QS factor model were found. In our findings, the associations between strength
(both HAND and PWR) and the ability to maintain static balance (“AP Postural Control Impairment”,
QS4) were explained by the covariates. Older adults who had higher lower limbs strength, showed
less difficulties to walk (gait speed, “Walking Impairment”, 7MW1, “Gait Irregularity”, 7MW2) and,



Sensors 2019, 19, 2227 19 of 24

as expected, performed better in the CST test (“Sit-to-Stand Jerkiness”, CST2, “ML Dynamic Postural
Instability”, CST3, “AP Stand-to-Sit Weakness”, CST5, “AP Sit-to-Stand Weakness”, CST6).

4.9. TMTA

The Trail Making Test part A (TMTA) assesses psychomotor speed. Attention and executive
function are related to the cognitive control of gait, posture, and balance (6,7). Performance on the
TMTA is a strong, independent predictor of mobility impairment, accelerated decline in lower extremity
function, and mortality in older community-living adults (8). After adjusting for the covariates, only
the association between the TMTA and “AP Postural Control Impairment” (QS4), gait speed, “Walking
Impairment” (7MW1) and “Stand-to-Sit Jerkiness” (CST4) were significant.

All these results suggest that the sensor-based model is consistent with the conventional clinical
measures of PC. The gait speed and SPPB served as a standard clinical outcome measure of older adults’
PC. The coherence of the information obtained from the instrumented measures and the standard
clinical outcome (and other health-related measures) was investigated through the linear regression
analysis. As expected, the SPPB score correlates with all the health-related measures (Table 10) whereas
this measure doesn’t correlate with all the domains of the conceptual model (Table 9). The domains that
were not associated with the health-related measures suggested that they refer to abilities that were
not possible to objectively measure with the standard outcome. The interpretation of the construct
validity analysis results confirmed that inertial sensors embedded in smartphones can detect and
assess the status of different functional domains, adding useful information to the conventional clinical
assessment. To the best of our knowledge, this is the first time that conceptual models are used to
transform datasets obtained from an instrumented battery of sensor-based functional tests into clinically
interpretable information. Such a model can contribute to facilitate the adoption of the sensor-based
assessment in everyday clinical practice. However, further validation studies also involving different
target groups are needed to deeply investigate such interpretative models.

4.10. Case Studies

In this section, a possible scenario in which a clinician could benefit from the additional information
provided by the sensor-based conceptual model is presented. Figure 3 shows three radar plots for
three different case studies, providing a graphical representation of the conceptual model. The black
lines represent the median value, the 25th and 75th percentiles of the scores given to the older adults.
The dark gray area represents extreme values (very high, above the 75th percentile, or very low, below
the 25th percentile). Favorable values of the scores, below the 75th percentile, reflect good performances
in the domain.

Case 1: Based on the clinical assessment of the subject (male, 69 years old) was not at risk of a fall,
but 2 prospective falls occurred. As shown in Figure 3, he showed high instability in ML direction
during the QS, 7MW and postural transitions (QS3, 7MW4 and CST3 were above the 75th percentile).
This may corroborate the idea that ML stability is crucial to prevent falls in community-dwelling older
adults [66,67].

Case 2: The older adult (female, 81 years old) had all the health-related measures within their
reference values, but she had poor strength (low HAND and PWR). The weakness is reflected in poor
ability to maintain the static balance: High “ML Postural Reaction Time and Jerkiness” (QS3) and “AP
Postural Control Impairment” (QS4), confirming the findings reported elsewhere [68]. She showed
also high “Gait Jerkiness” (7MW3) and poor ability to perform the CST test: high “Dynamic Postural
Impairment” (CST1), “Stand-to-Sit Jerkiness” (CST4) and “AP Stand-to-Sit Weakness” (CST5).

Case 3: The older adult (male, 86 years old) had all the health-related measures within their
reference values, except for the gait speed, which was below 1 m/s. This cut-off point has been related
to the risk of adverse health outcomes and disabilities [5,69]. Indeed, the Radar Plots show that his
capacities to maintain static balance are not compromised, but he had difficulties while walking (high
“Walking Impairment”, 7MW1, “ML Gait Instability”, 7MW4, and “Gait Variability”, 7MW5) and
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while performing postural transitions (high “Dynamic Postural Impairment”, CST1 and “Stand-to-Sit
Jerkiness”, CST4, and “AP Stand-to-Sit Weakness”, CST5).
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Figure 3. Three radar plots reporting the Quiet Stand (a), 7-meters Walk (b) and 5-times Chair Stand (c)
domains of three different case studies. The black lines represent the median value, the 25th and 75th
percentiles of the older adults’ factor scores. The dark gray area represents extreme values (very high,
above the 75th percentile, or very low, below the 25th percentile). Favorable values of the scores, below
the 75th percentile, reflected good performances in the domain.

5. Conclusions

To the best of our knowledge, this is the first time that a battery of functional tests, instrumented
through a smartphone, is used for outlining a sensor-based conceptual model (Figure 2), which is
suitable for physical capability assessment of older adults. EFA allowed us to reduce the number
of sensor-based measures taken from instrumented functional tests and find domains with clear
functional meaning. The interpretation of the significant associations suggests that such domains
confirm and expand information obtained with clinical testing and provide quantitative information
about several mobility skills that are usually not captured by conventional outcomes. This exploratory
research shows that instrumented functional testing has the potential to advance the quality of current
mobility assessments; enhance our understanding of an individual’s true physical capabilities; and
disclose subtle changes in physical capabilities that would otherwise remain undetected. Increasing
our understanding and the sensitivity of mobility assessment is of the utmost importance since it
may enable earlier detection of functional decline and identify therapeutic targets for rehabilitation.
Further work is needed to evaluate whether this more detailed information adds to our ability to
predict adverse outcomes, over and above clinical testing like gait speed and SPPB.



Sensors 2019, 19, 2227 21 of 24

Author Contributions: Conceptualization, S.B. and L.C.; data curation, A.C., S.M. and M.C.; formal analysis, A.C.;
funding acquisition, S.B. and L.C.; investigation, A.C.; methodology, A.C., S.M. and M.C.; project administration,
S.B. and L.C.; resources, S.B. and L.C.; software, A.C., S.M. and M.C.; supervision, L.C.; validation, M.C.;
visualization, A.C.; writing—original draft, A.C. and L.C.; writing—review & editing, A.C., S.M., M.C., J.M.G.,
K.P., S.B. and L.C.

Funding: The research leading to these results has been funded by the European Union—Seventh Framework
Programme (FP7/2007–2013) under grant agreement n. 288940 (FARSEEING project).

Acknowledgments: We thank Julia M. Leach and Pierpaolo Palumbo for comments that greatly improved the
manuscript. We would like to acknowledge the assessors for their assistance with the data collection, and the
InCHIANTI participants who generously volunteered their time for taking part in the study.

Conflicts of Interest: S.M. and L.C. declare other interests from mHealth Technologies srl outside the submitted
work. The funders had no role in the design of the study; in the collection, analyses, or interpretation of data; in
the writing of the manuscript, or in the decision to publish the results.

References

1. Cooper, R.; Kuh, D.; Cooper, C.; Gale, C.R.; Lawlor, D.A.; Matthews, F.; Hardy, R. Objective measures of
physical capability and subsequent health: A systematic review. Age Ageing 2011, 40, 14–23. [CrossRef]

2. Lara, J.; Godfrey, A.; Evans, E.; Heaven, B.; Brown, L.J.E.; Barron, E.; Rochester, L.; Meyer, T.D.; Mathers, J.C.
Towards measurement of the Healthy Ageing Phenotype in lifestyle-based intervention studies. Maturitas
2013, 76, 189–199. [CrossRef]

3. van Lummel, R.C.; Walgaard, S.; Pijnappels, M.; Elders, P.J.M.; Garcia-Aymerich, J.; van Dieën, J.H.; Beek, P.J.
Physical Performance and Physical Activity in Older Adults: Associated but Separate Domains of Physical
Function in Old Age. PLoS ONE 2015, 10, e0144048. [CrossRef] [PubMed]

4. Rubenstein, L.Z. Falls in older people: Epidemiology, risk factors and strategies for prevention. Age Ageing
2006, 35, ii37–ii41. [CrossRef] [PubMed]

5. Cesari, M.; Kritchevsky, S.B.; Penninx, B.W.H.J.; Nicklas, B.J.; Simonsick, E.M.; Newman, A.B.; Tylavsky, F.A.;
Brach, J.S.; Satterfield, S.; Bauer, D.C.; Visser, M.; Rubin, S.M.; Harris, T.B.; Pahor, M. Prognostic value of
usual gait speed in well-functioning older people—Results from the health, aging and body composition
study. J. Am. Geriatr. Soc. 2005, 53, 1675–1680. [CrossRef] [PubMed]

6. Guralnik, J.M.; Simonsick, E.M.; Ferrucci, L.; Glynn, R.J.; Berkman, L.F.; Blazer, D.G.; Scherr, P.A.; Wallace, R.B.
A Short Physical Performance Battery Assessing Lower Extremity Function: Association With Self-Reported
Disability and Prediction of Mortality and Nursing Home Admission. J. Gerontol. 1994, 49, M85–M94.
[CrossRef] [PubMed]

7. Freiberger, E.; de Vreede, P.; Schoene, D.; Rydwik, E.; Mueller, V.; Frändin, K.; Hopman-Rock, M.
Performance-based physical function in older community-dwelling persons: A systematic review of
instruments. Age Ageing 2012, 41, 712–721. [CrossRef]

8. Guralnik, J.M.; Ferrucci, L.; Pieper, C.F.; Leveille, S.G.; Markides, K.S.; Ostir, G.V.; Studenski, S.; Berkman, L.F.;
Wallace, R.B. Lower Extremity Function and Subsequent Disability. J. Gerontol. A Biol. Sci. Med. Sci. 2000, 55,
M221–M231. [CrossRef]

9. Godfrey, A.; Lara, J.; Del Din, S.; Hickey, A.; Munro, C.A.; Wiuff, C.; Chowdhury, S.A.; Mathers, J.C.;
Rochester, L. ICap: Instrumented assessment of physical capability. Maturitas 2015, 82, 116–122. [CrossRef]

10. Moe-Nilssen, R.; Helbostad, J.L. Estimation of gait cycle characteristics by trunk accelerometry. J. Biomech.
2004, 37, 121–126. [CrossRef]

11. Herman, T.; Giladi, N.; Hausdorff, J.M. Properties of the “Timed Up and Go” test: More than meets the eye.
Gerontology 2011, 57, 203–210. [CrossRef] [PubMed]

12. Whitney, S.L.; Roche, J.L.; Marchetti, G.F.; Lin, C.-C.; Steed, D.P.; Furman, G.R.; Musolino, M.C.; Redfern, M.S.
A comparison of accelerometry and center of pressure measures during computerized dynamic posturography:
A measure of balance HHS Public Access. Gait Posture 2011, 33, 594–599. [CrossRef]

13. Grimm, B.; Bolink, S. Evaluating physical function and activity in the elderly patient using wearable motion
sensors. EFORT Open Rev. 2016, 1, 112–120. [CrossRef]

14. Godfrey, A.; Lara, J.; Munro, C.A.; Wiuff, C.; Chowdhury, S.A.; Del Din, S.; Hickey, A.; Mathers, J.C.;
Rochester, L. Instrumented assessment of test battery for physical capability using an accelerometer:
A feasibility study. Physiol. Meas. 2015, 36, N71–N83. [CrossRef] [PubMed]

http://dx.doi.org/10.1093/ageing/afq117
http://dx.doi.org/10.1016/j.maturitas.2013.07.007
http://dx.doi.org/10.1371/journal.pone.0144048
http://www.ncbi.nlm.nih.gov/pubmed/26630268
http://dx.doi.org/10.1093/ageing/afl084
http://www.ncbi.nlm.nih.gov/pubmed/16926202
http://dx.doi.org/10.1111/j.1532-5415.2005.53501.x
http://www.ncbi.nlm.nih.gov/pubmed/16181165
http://dx.doi.org/10.1093/geronj/49.2.M85
http://www.ncbi.nlm.nih.gov/pubmed/8126356
http://dx.doi.org/10.1093/ageing/afs099
http://dx.doi.org/10.1093/gerona/55.4.M221
http://dx.doi.org/10.1016/j.maturitas.2015.04.003
http://dx.doi.org/10.1016/S0021-9290(03)00233-1
http://dx.doi.org/10.1159/000314963
http://www.ncbi.nlm.nih.gov/pubmed/20484884
http://dx.doi.org/10.1016/j.gaitpost.2011.01.015
http://dx.doi.org/10.1302/2058-5241.1.160022
http://dx.doi.org/10.1088/0967-3334/36/5/N71
http://www.ncbi.nlm.nih.gov/pubmed/25903399


Sensors 2019, 19, 2227 22 of 24

15. Palmerini, L.; Mellone, S.; Rocchi, L.; Chiari, L. Dimensionality reduction for the quantitative evaluation of
a smartphone-based Timed Up and Go test. In Proceedings of the 2011 Annual International Conference of
the IEEE Engineering in Medicine and Biology Society, Boston, MA, USA, 30 August–3 September 2011;
pp. 7179–7182.

16. Bhaskar Semwal, V.; Singha, J.; Kumari Sharma, P.; Chauhan, A.; Behera, B. An optimized feature selection
technique based on incremental feature analysis for bio-metric gait data classification. Multimed Tools Appl.
2017, 76, 24457–24475. [CrossRef]

17. Maurer, C.; Peterka, R.J. A New Interpretation of Spontaneous Sway Measures Based on a Simple Model of
Human Postural Control. J. Neurophysiol. 2005, 93, 189–200. [CrossRef]

18. Spearman, C. “General Intelligence,” Objectively Determined and Measured. Am. J. Psychol. 1904, 15,
201–292. [CrossRef]

19. Reio, T.G.; Shuck, B. Exploratory Factor Analysis: Implications for Theory, Research, and Practice. Adv. Dev.
Hum. Resour. 2015, 17, 12–25. [CrossRef]

20. DeCoster, J. Overview of Factor Analysis. 1998. Available online: http://stat-help.com/factor.pdf (accessed
on 12 May 2019).

21. Distefano, C.; Zhu, M.; Mîndrilă, D. Understanding and Using Factor Scores: Considerations for the Applied
Researcher. Pract. Assess. Res. Eval. 2009, 14, 1–11.

22. Thurstone, L.L. The vectors of mind: Multiple-factor analysis for the isolation of primary traits; University of
Chicago Press: Chicago, IL, USA, 1935.

23. Verghese, J.; Wang, C.; Lipton, R.B.; Holtzer, R.; Xue, X. Quantitative gait dysfunction and risk of cognitive
decline and dementia. J. Neurol. Neurosurg. Psychiatry 2007, 78, 929–935. [CrossRef]

24. Verghese, J.; Robbins, M.; Holtzer, R.; Zimmerman, M.; Wang, C.; Xue, X.; Lipton, R.B. Gait Dysfunction in
Mild Cognitive Impairment Syndromes. J. Am. Geriatr. Soc. 2008, 56, 1244–1251. [CrossRef]

25. Verghese, J.; Holtzer, R.; Lipton, R.B.; Wang, C. Quantitative Gait Markers and Incident Fall Risk in Older
Adults. J. Gerontol. Ser. A Biol. Sci. Med. Sci. 2009, 64A, 896–901. [CrossRef]

26. Lord, S.; Galna, B.; Verghese, J.; Coleman, S.; Burn, D.; Rochester, L. Independent domains of gait in older
adults and associated motor and nonmotor attributes: Validation of a factor analysis approach. J. Gerontol.
Ser. A Biol. Sci. Med. Sci. 2013, 68, 820–827. [CrossRef]

27. Mahoney, J.R.; Verghese, J. Visual-Somatosensory Integration and Quantitative Gait Performance in Aging.
Front. Aging Neurosci. 2018, 10, 377. [CrossRef]

28. Hollman, J.H.; McDade, E.M.; Petersen, R.C. Normative spatiotemporal gait parameters in older adults.
Gait Posture 2011, 34, 111–118. [CrossRef]

29. Kirkwood, R.N.; Gomes, H.A.; Sampaio, R.F.; Furtado, S.R.C.; Moreira, B.S. Spatiotemporal and variability
gait data in community-dwelling elderly women from Brazil. Brazilian J. Phys. Ther. 2016, 20, 258–266.
[CrossRef]

30. Lord, S.; Howe, T.; Greenland, J.; Simpson, L.; Rochester, L. Gait variability in older adults: A structured
review of testing protocol and clinimetric properties. Gait Posture 2011, 34, 443–450. [CrossRef]

31. Del Din, S.; Godfrey, A.; Rochester, L. Validation of an Accelerometer to Quantify a Comprehensive Battery
of Gait Characteristics in Healthy Older Adults and Parkinson’s Disease: Toward Clinical and at Home Use.
IEEE J. Biomed. Heal. Informatics 2016, 20, 838–847. [CrossRef]

32. Morris, R.; Hickey, A.; Del Din, S.; Godfrey, A.; Lord, S.; Rochester, L. A model of free-living gait: A factor
analysis in Parkinson’s disease. Gait Posture 2017, 52, 68–71. [CrossRef] [PubMed]

33. Buckley, C.; Galna, B.; Rochester, L.; Mazzà, C. Upper body accelerations as a biomarker of gait impairment
in the early stages of Parkinson’s disease. Gait Posture 2018. [CrossRef]

34. Hubble, R.P.; Naughton, G.A.; Silburn, P.A.; Cole, M.H. Wearable sensor use for assessing standing balance
and walking stability in people with Parkinson’s disease: A systematic review. PLoS ONE 2015, 10, 1–22.
[CrossRef]

35. Palmerini, L.; Mellone, S.; Avanzolini, G.; Valzania, F.; Chiari, L. Quantification of Motor Impairment in
Parkinson’s Disease Using an Instrumented Timed Up and Go Test. IEEE Trans. Neural Syst. Rehabil. Eng.
2013, 21, 664–673. [CrossRef]

36. Horak, F.B.; Mancini, M.; Carlson-Kuhta, P.; Nutt, J.G.; Salarian, A. Balance and Gait Represent Independent
Domains of Mobility in Parkinson Disease. Phys. Ther. 2016, 96, 1364–1371. [CrossRef] [PubMed]

http://dx.doi.org/10.1007/s11042-016-4110-y
http://dx.doi.org/10.1152/jn.00221.2004
http://dx.doi.org/10.2307/1412107
http://dx.doi.org/10.1177/1523422314559804
http://stat-help.com/factor.pdf
http://dx.doi.org/10.1136/jnnp.2006.106914
http://dx.doi.org/10.1111/j.1532-5415.2008.01758.x
http://dx.doi.org/10.1093/gerona/glp033
http://dx.doi.org/10.1093/gerona/gls255
http://dx.doi.org/10.3389/fnagi.2018.00377
http://dx.doi.org/10.1016/j.gaitpost.2011.03.024
http://dx.doi.org/10.1590/bjpt-rbf.2014.0157
http://dx.doi.org/10.1016/j.gaitpost.2011.07.010
http://dx.doi.org/10.1109/JBHI.2015.2419317
http://dx.doi.org/10.1016/j.gaitpost.2016.11.024
http://www.ncbi.nlm.nih.gov/pubmed/27883986
http://dx.doi.org/10.1016/j.gaitpost.2018.06.166
http://dx.doi.org/10.1371/journal.pone.0123705
http://dx.doi.org/10.1109/TNSRE.2012.2236577
http://dx.doi.org/10.2522/ptj.20150580
http://www.ncbi.nlm.nih.gov/pubmed/27034314


Sensors 2019, 19, 2227 23 of 24

37. Coni, A.; Mellone, S.; Colpo, M.; Bandinelli, S.; Chiari, L. Influence of age and gender on sensor-based
functional measures: A factor analysis approach. In Proceedings of the 37th Annual International Conference
of the IEEE Engineering in Medicine and Biology Society, Milan, Italy, 25–29 August 2015; pp. 2227–2230.

38. Coni, A.; Mellone, S.; Colpo, M.; Bandinelli, S.; Chiari, L. A Factor Analysis model of the instrumented Timed
Up and Go test for physical capability assessment. Gait Posture 2018, 66, S11–S12. [CrossRef]

39. Coni, A.; Ancum, J.M. Van; Bergquist, R.; Mikolaizak, A.S.; Mellone, S.; Chiari, L.; Maier, A.B.; Pijnappels, M.
Comparison of Standard Clinical and Instrumented Physical Performance Tests in Discriminating Functional
Status of High-Functioning People Aged 61–70 Years Old. Sensors 2019, 19, 449. [CrossRef] [PubMed]

40. van Lummel, R.C.; Walgaard, S.; Maier, A.B.; Ainsworth, E.; Beek, P.J.; van Dieën, J.H. The Instrumented
Sit-to-Stand Test (iSTS) Has Greater Clinical Relevance than the Manually Recorded Sit-to-Stand Test in
Older Adults. PLoS ONE 2016, 11, e0157968. [CrossRef] [PubMed]

41. InCHIANTI Study. Available online: http://inchiantistudy.net (accessed on 12 May 2019).
42. FARSEEING Project. Available online: http://farseeingresearch.eu (accessed on 12 May 2019).
43. Deshpande, N.; Metter, E.J.; Lauretani, F.; Bandinelli, S.; Guralnik, J.; Ferrucci, L. Activity restriction induced

by fear of falling and objective and subjective measures of physical function: A prospective cohort study.
J. Am. Geriatr. Soc. 2008, 56, 615–620. [CrossRef]

44. Patel, K. V; Coppin, A.K.; Manini, T.M.; Lauretani, F.; Bandinelli, S.; Ferrucci, L.; Guralnik, J.M. Midlife
Physical Activity and Mobility in Older Age: The InCHIANTI Study. Am. J. Prev. Med. 2006, 31, 217–224.
[CrossRef]

45. Cesari, M.; Leeuwenburgh, C.; Lauretani, F.; Onder, G.; Bandinelli, S.; Maraldi, C.; Guralnik, J.M.; Pahor, M.;
Ferrucci, L. Frailty syndrome and skeletal muscle: Results from the Invecchiare in Chianti study. Am. J.
Clin. Nutr. 2006, 83, 1142–1148. [CrossRef] [PubMed]

46. Bassey, E.J.; Short, A.H. A new method for measuring power output in a single leg extension: Feasibility,
reliability and validity. Eur. J. Appl. Physiol. Occup. Physiol. 1990, 60, 385–390. [CrossRef]

47. Vazzana, R.; Bandinelli, S.; Lauretani, F.; Volpato, S.; Lauretani, F.; Di Iorio, A.; Abate, M.; Corsi, A.M.;
Milaneschi, Y.; Guralnik, J.M.; Ferrucci, L. Trail making test predicts physical impairment and mortality in
older persons. J. Am. Geriatr. Soc. 2010, 58, 719–723. [CrossRef]

48. Chiari, L.; Dozza, M.; Cappello, A.; Horak, F.B.; Macellari, V.; Giansanti, D. Audio-Biofeedback for Balance
Improvement: An Accelerometry-Based System. IEEE Trans. Biomed. Eng. 2005, 52, 2108–2111. [CrossRef]

49. MATLAB and Statistics Toolbox Release 2017b. The MathWorks, Inc.: Natick, MA, USA. Available online:
https://www.mathworks.com (accessed on 12 May 2019).

50. Palmerini, L.; Rocchi, L.; Mellone, S.; Valzania, F.; Chiari, L. Feature Selection for Accelerometer-Based
Posture Analysis in Parkinson’s Disease. IEEE Trans. Inf. Technol. Biomed. 2011, 15, 481–490. [CrossRef]

51. Van Lummel, R.C.; Ainsworth, E.; Lindemann, U.; Zijlstra, W.; Chiari, L.; Van Campen, P.; Hausdorff, J.M.
Automated approach for quantifying the repeated sit-to-stand using one body fixed sensor in young and
older adults. Gait Posture 2013, 38, 153–156. [CrossRef]

52. Mellone, S. Movement Analysis by Mean of Interial Sensors: From Bench to Bedside. Ph.D. Thesis, Alma
Mater Studiorum Università di Bologna, Bologna, Italy, 2013.

53. Ferrucci, L.; Bandinelli, S.; Benvenuti, E.; Di Iorio, A.; Macchi, C.; Harris, T.B.; Guralnik, J.M. Subsystems
contributing to the decline in ability to walk: Bridging the gap between epidemiology and geriatric practice
in the InCHIANTI study. J. Am. Geriatr. Soc. 2000, 48, 1618–1625. [CrossRef]

54. Balasubramanian, S.; Melendez-Calderon, A.; Roby-Brami, A.; Burdet, E. On the analysis of movement
smoothness. J. Neuroeng. Rehabil. 2015, 12. [CrossRef]

55. Prieto, T.E.; Myklebust, J.B.; Hoffmann, R.G.; Lovett, E.G.; Myklebust, B.M. Measures of postural steadiness:
Differences between healthy young and elderly adults. IEEE Trans. Biomed. Eng. 1996, 43, 956–966. [CrossRef]

56. Chiari, L.; Rocchi, L.; Cappello, A. Stabilometric parameters are affected by anthropometry and foot placement.
Clin. Biomech. 2002, 17, 666–677. [CrossRef]

57. Plotnik, M.; Giladi, N.; Hausdorff, J.M. A new measure for quantifying the bilateral coordination of human
gait: Effects of aging and Parkinson’s disease. Exp. Brain Res. 2007, 181, 561–570. [CrossRef]

58. Costello, A.B.; Osborne, J.W. Best practices in exploratory factor analysis: Four recommendations for getting
the most from your analysis. Pract. Assess. Res. Eval. 2005, 10.

59. R Core Team (2018). R: A Language and Environment for Statistical Computing. R Foundation for Statistical
Computing: Vienna, Austria. Available online: https://www.R-project.org/ (accessed on 12 May 2019).

http://dx.doi.org/10.1016/j.gaitpost.2018.07.117
http://dx.doi.org/10.3390/s19030449
http://www.ncbi.nlm.nih.gov/pubmed/30678268
http://dx.doi.org/10.1371/journal.pone.0157968
http://www.ncbi.nlm.nih.gov/pubmed/27391082
http://inchiantistudy.net
http://farseeingresearch.eu
http://dx.doi.org/10.1111/j.1532-5415.2007.01639.x
http://dx.doi.org/10.1016/j.amepre.2006.05.005
http://dx.doi.org/10.1093/ajcn/83.5.1142
http://www.ncbi.nlm.nih.gov/pubmed/16685058
http://dx.doi.org/10.1007/BF00713504
http://dx.doi.org/10.1111/j.1532-5415.2010.02780.x
http://dx.doi.org/10.1109/TBME.2005.857673
https://www.mathworks.com
http://dx.doi.org/10.1109/TITB.2011.2107916
http://dx.doi.org/10.1016/j.gaitpost.2012.10.008
http://dx.doi.org/10.1111/j.1532-5415.2000.tb03873.x
http://dx.doi.org/10.1186/s12984-015-0090-9
http://dx.doi.org/10.1109/10.532130
http://dx.doi.org/10.1016/S0268-0033(02)00107-9
http://dx.doi.org/10.1007/s00221-007-0955-7
https://www.R-project.org/


Sensors 2019, 19, 2227 24 of 24

60. Gaskin, C.J.; Happell, B. On exploratory factor analysis: A review of recent evidence, an assessment of
current practice, and recommendations for future use. Int. J. Nurs. Stud. 2014, 51, 511–521. [CrossRef]

61. Palumbo, P.; Coni, A.; Mellone, S.; Palmerini, L.; Colpo, M.; Bandinelli, S.C.L. Fall risk assessment via
instrumented TUG. Preliminary results from the InCHIANTI study. In Proceedings of the Health—exploring
Complexity: An Interdisciplinary Systems Approach HEC2016, Munich, Germany, 28 August–2 September
2016; pp. S148–S149.

62. Studenski, S.; Perera, S.; Patel, K.; Rosano, C.; Faulkner, K.; Inzitari, M.; Brach, J.; Chandler, J.; Cawthon, P.;
Connor, E.B.; Nevitt, M.; Visser, M.; Kritchevsky, S.; Badinelli, S.; Harris, T.; Newman, A.B.; Cauley, J.;
Ferrucci, L.; Guralnik, J. Gait Speed and Survival in Older Adults. JAMA 2011, 305, 50. [CrossRef]

63. Jordre, B.; Schweinle, W.; Oetjen, S.; Dybsetter, N.; Braun, M. Fall History and Associated Physical Performance
Measures in Competitive Senior Athletes. Top. Geriatr. Rehabil. 2016, 32, 1–16. [CrossRef]

64. Penninx, B.W.; Guralnik, J.M.; Ferrucci, L.; Simonsick, E.M.; Deeg, D.J.H.; Wallace, R.B. Depressive Symptoms
and Physical Decline in Community-Dwelling Older Persons FREE. Jama 1998, 279, 1720–1726. [CrossRef]
[PubMed]

65. Bohannon, R.W. Hand-Grip Dynamometry Predicts Future Outcomes in Aging Adults. J. Geriatr. Phys. Ther.
2008, 31, 3–10. [CrossRef]

66. Hilliard, M.J.; Martinez, K.M.; Janssen, I.; Edwards, B.; Mille, M.-L.; Zhang, Y.; Rogers, M.W. Lateral Balance
Factors Predict Future Falls in Community-Living Older Adults. Arch. Phys. Med. Rehabil. 2008, 89,
1708–1713. [CrossRef]

67. Schrager, M.A.; Kelly, V.E.; Price, R.; Ferrucci, L.; Shumway-Cook, A. The effects of age on medio-lateral
stability during normal and narrow base walking. Gait Posture 2008, 28, 466–471. [CrossRef]

68. Daubney, M.E.; Culham, E.G. Lower-Extremity Muscle Force and Balance Performance in Adults Aged 65
Years and Older. Phys. Ther. 1999, 79, 1177–1185. [CrossRef]

69. Verghese, J.; Wang, C.; Holtzer, R. Relationship of clinic-based gait speed measurement to limitations in
community-based activities in older adults. Arch. Phys. Med. Rehabil. 2011, 92, 844–846. [CrossRef] [PubMed]

© 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

http://dx.doi.org/10.1016/j.ijnurstu.2013.10.005
http://dx.doi.org/10.1001/jama.2010.1923
http://dx.doi.org/10.1097/TGR.0000000000000086
http://dx.doi.org/10.1001/jama.279.21.1720
http://www.ncbi.nlm.nih.gov/pubmed/9624025
http://dx.doi.org/10.1519/00139143-200831010-00002
http://dx.doi.org/10.1016/j.apmr.2008.01.023
http://dx.doi.org/10.1016/j.gaitpost.2008.02.009
http://dx.doi.org/10.1093/ptj/79.12.1177
http://dx.doi.org/10.1016/j.apmr.2010.12.030
http://www.ncbi.nlm.nih.gov/pubmed/21530734
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction 
	Materials and Methods 
	Participants 
	Health-Related Measures 
	Instrumented Tests 
	Definition of the Conceptual Model 
	Statistical Analysis 

	Results 
	QS Factor Model 
	MW Factor Model 
	CST Factor Model 
	Construct Validity Analysis 
	Bland-Altman Analysis 

	Discussion 
	Gait Speed 
	SPPB 
	IADL 
	FALL-History 
	CES-D 
	PA 
	HAND 
	PWR 
	TMTA 
	Case Studies 

	Conclusions 
	References

