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Abstract

Postural control impairments in individuals with type 2 diabetes mellitus (T2DM) increase the risk of
falls and related injuries. Traditional balance assessments require expensive equipment and clinical
settings, limiting their accessibility. Smartphones, equipped with inertial sensors, offer a portable and
low-cost alternative for assessing balance.

This project investigated the feasibility of using a smartphone inertial measurement unit (IMU) to assess
static postural control in individuals with T2DM, compared to a gold-standard force plate. Additionally,
it explored whether the smartphone could distinguish between healthy and diabetic participants during
balance tasks of varying difficulty.

Balance was evaluated under four static conditions: both-leg and single-leg stances, with eyes open and
closed. A smartphone was attached to the lower back while participants stood on a force plate. RMS
and mean velocity (MV) parameters were extracted from both devices. A healthy control group served
as reference.

The smartphone reliably detected increased sway in more challenging conditions and captured signifi-
cantly higher RMS and MV values in T2DM participants compared to healthy controls. Strong corre-
lations between the smartphone and force plate were found, particularly in RMS parameters during the
most difficult task. However, certain limitations affected comparability between devices, including the
physical support required by T2DM participants during single-leg tasks, the small sample size, and the
use of a younger control group.

Future research should include larger, age-matched samples, explore alternative sensor placements such
as trouser pockets, and investigate the smartphone’s ability to track postural changes over time through
longitudinal assessments - while also evaluating the willingness and adherence of T2DM patients to
long-term smartphone-based monitoring.
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Introduction

1.1 Diabetes Mellitus Overview

Diabetes mellitus (DM) is a metabolic disorder de ned by persistently elevated blood sugar levels. The
chronic condition results from impairments in insulin secretion, insulin action, or both, affecting multiple
organs of the body and disrupting their normal functions. The disruption, of both the structure and
function, leads to microvascular and macrovascular complications in organs, such as the eyes, kidneys,
heart, and nerves. The most common complications include retinopathy with progression to blindness,
nephropathy, coronary heart disease, and the nerve-related neuropathy [1].

Diabetes is recognized as ever-increasing health problem challenging the human population worldwide
[1]. The International Diabetes Federation reports 537 million adults with DM between the ages of 20
and 79, a number which is likely to increase by 20% by 2030 and almost double by[2045 [2]. These
gures are likely underestimated as diabetes is underdiagnosed in 1 in 3 cases [3]. Beyond the health
impact, the disorder also presents an economic burden, with total health expenditures estimated at 149
billion EUR in Europe in 2019 [4].

1.1.1 Type 2 Diabetes Mellitus (T2DM)

The type 1 diabetes mellitus (TLDM), type 2 diabetes mellitus (T2DM), gestational DM and other spe-
ci c types of DM, are known as the four categories of the disease [1]. Gestational DM is developed
during pregnancy and diagnosed in the second or third trimester. The other speci ¢ types of DM are
associated with other causes, including diseases of the exocrine pancreas or genetic defeetls of
function. Mostly, diabetic patients are diagnosed with either the TIDM or T2DM [5].

The autoimmune T1DM accounts for about 5-10% of all DM cases and is caused by an absolute de -
ciency of insulin secretion, leading to a buildup of glucose in the bloodstream instead of being utilized
by cells for energy[1].

T2DM is also known as non-insulin-dependent DM and accounts for more than 90% of all DM cases. It
is a continually expanding chronic metabolic disease characterized by insulin resistance and inadequate
insulin secretion by pancreaticcells[1][2].

In the early stages of the T2DM, decreased insulin sensitivity triggers compensatory insulin overpro-
duction by -cells. Over time, the increased insulin levels lead to theells dysfuntion, eventually
resulting in insulin de ciency. T2DM is strongly associated with increasing age, obesity, family history

of DM, physical inactivity, and modern lifestyle factors including unhealthy diet, sedentary behavior,
and increased stress levels, which contribute to the development of T2DM [1].

Individuals with T2DM face several complications, including diabetic neuropathy, diabetic foot, osteo-
porosis, hyperglycemia and more. Sensory complications and development of wounds or ulcers are part
of the diabetic foot complication, which, if infected, can require amputation[6]. The risk of amputation

is also observed in diabetic peripheral neuropathy, which is the most common form of neuropathy and
diabetic complication. Diabetic peripheral neuropathy is caused by peripheral nerve damage, occurring
more frequently in T2DM patients, with studies reporting a prevalence ranging from 6% to 51% among
diabetic patients in U.S and Europe [7] [8]. The disease can cause severe neuropathic pain, muscle
weakness and poor body stability, resulting in compromised balance in day-to-day activities[9][10].



1.2 Falls in the Aging Population

Falls are a common and serious problem among the elderly, impacting their quality of life and indepen-
dence [11]. According to European Association for Injury Prevention and Safety Promotion, every third
elderly person over 65 years of age, and every second person over 80 years of age falls every year. In Eu-
ropean countries, approximately 36,000 fatal fall-related injuries are reported annually. Additionally, an
estimated 3.8 million older adults are hospitalized each year due to fall-related incidents[12]. Multiple
studies have investigated the economic burden of fall-related medical care for older adults. According
to European Health Association, it can be estimated that at least 25 billion EUR are spent annually on
treating fall-related injuries across the EU[13].

Diabetic individuals are at an even higher risk of falling. The Longitudinal Aging Study Amsterdam
compared the incidence of recurrent falls in people agegb years with and without DM. The results
showed that 30.6% of the diabetic participants and 19.4% of the participants without the condition fell
recurrently. The increased fall risk was partly explained by several factors, including medication use,
higher levels of pain, reduced physical activity, and decreased grip strength. Cognitive impairments and
limitations in activities of daily living also played a role. Furthermore, lower-extremity physical perfor-
mance, which is crucial for activities like standing, walking, and balance maintenance, was found to be
a signi cant factor[14].

The consequences of fall-related incidents can be mild, such as activity avoidance and decline in mobil-
ity, or severe from broken bones to head traumas. Falls can also lead to increased risk of institutionaliza-
tion and mortality. Moreover, older adults often experience fear of falling, which can lead them to avoid
activities they are still physically capable of performing, limiting their independence and contributing to
functional decline [15][16].

To mitigate the impact of falls and improve the quality of life for older adults, it is crucial to address risk
factors and implement effective fall prevention strategies. There are numerous factors that contribute
to increased risk of falling among older adults, including muscle weakness, vestibular dysfunctions,
gait and balance impairment, neurological disorders or visual and hearing impairments, Additionaly,
polypharmacy, depression and environmental factors (e.g., irregular terrain, obstacles causing tripping)
have been recognized as contributing factors, particularly in the elderly [17]. Impaired balance is one of
the most commonly acknowledged risks and plays an important role in fall prevention [18].

1.3 Postural Control

Humans daily adopt many different con gurations of the head, torso, and limbs relative to each other,
collectively de ned as postures. The different postures may change considerably while performing ac-
tivities involved in leading an independent lifestyle, including standing up out of the bed, walking, sitting
or reaching out for objects. [19]. Maintaining an upright posture is a fundamental human activity that
allows individuals to interact with their environment effectively and is assured by a complex process
called postural control [20].

Postural control has two main functional goals: postural orientation and postural equilibrium [21]. Pos-
tural equilibrium represents mechanical antigravity function that keeps the body balanced and stable by
counteracting gravitational forces, which are acting upon the body at all times. The function requires
the sensorimotor systems to maintain the center of mass (COM) within the base of support, which is the
area beneath the feet that includes all points of contact with the supporting surface, during self-initiated
movements and in response to external disturbances in postural stability [22]. Postural orientation refers
to the active regulation of body alignment and tone in response to different factors, such as gravitational
forces, support surface, visual environment, and internal reference frames [21].



1.3.1 Sensory Contributions to Postural Control

The postural control system is a complex chain of events, which includes receiving sensory information
(visual, vestibular, and somatosensory), processing them by the central nervous system (CNS), and
generating appropriate motor responses ( gure 1) [23].

Figure 1:Upright stance control loop. Sensory information (visual from the eye, vestibular from the
inner ear, and somatosensory from the feet/body) is relayed to the brain. The brain generates a neural
command that leads to activation (motor response) and subsequent movement generation. The motor
output changes the sensory input, helping the body continuously adjust and maintain balance. The
gure was created with BioRender.com.

The vestibular apparatus is the organ of balance located inside the complex structure of the inner ear.
The apparatus is made of two otolith organs and three semicircular canals [24]. The otolith organs play
crucial role in detecting linear acceleration, while the semicircular canals respond to angular accelera-
tion [25].

The visual system is divided into central and peripheral systems, which are responsible for identi cation
of the surrounding objects and provide information about the overall layout of the environment, respec-
tively [26] [27].

Lastly, the somatosensory system gathers information about the position and movement of body seg-
ments in relation to one another and the surface of support through proprioceptive and cutaneous inputs,
such as joint position and touch [18].



1.3.2 Effects of Aging and T2DM on Postural Control

As balance relies on the dynamic cooperation of the visual, vestibular, and somatosensory systems, de-
bilitation of any of the three systems can lead to instability and an increased risk of falls [28][29].

As people age, any deterioration process that causes the reduction of visual eld undermines their inde-
pendence and enhances their fear of falling [29]. T2DM patients often experience visual dysfunction,
such as reduced contrast sensitivity, increasing the risk of falls. Another complication of persistently
high blood glucose levels is diabetic retinopathy due to effect of hyperglycemia on the circulatory sys-
tem of the retina[30] [18].

Age-related impairments have been reported also for the vestibular system. The otolith organs are a key
for sensing verticality and body orientation in space. With age, both the number and structure of otoliths
change, which becomes particularly noticeable in the saccule after the age of 60-70. Such changes occur
alongside a progressive decline in postural control[29].

Evidence shows that vestibular function declines with age and estimates that falls, caused by impair-
ments in the vestibular system, rank between the 3rd and the 10th leading cause of death among older
adults in the U.S. [31]. The vestibular system is particularly important for balance maintenance in both
static and dynamic conditions. Research shows signi cantly reduced central and peripheral vestibular
function among T1DM and T2DM individuals. Agrawal et al. has found 70% higher vestibular dysfunc-
tion in patients with DM than in non-diabetic patients [32]. For instance, benign paroxysmal positional
vertigo, characterized by displaced otolith organs into the semicircular canals, appears in higher rate in
people with DM. One study observed this vestibular disorder in 46% of T2DM individuals compared to
37% without DM. The metabolic stress associated with DM has been shown to contribute to the otolith
organs functional decline. Furthemore, T2DM patients exhibit changes in the vestibulo-ocular re ex
and decrease in the optokinetic response, leading to blurred vision during head movements [33] [34].
T2DM affects the peripheral nervous system, resulting in numerous clinical presentations. The most
common manifestation of diabetic neuropathy is sensory-motor neuropathy, described by propriocep-
tion loss and reduced tactile sensation in the legs and feet. However, movement impairments, including
poor balance and altered gait, can occur even in diabetic patients without diabetic peripheral neuropathy
[35].

1.3.3 Compensatory Strategies for Maintaining Balance

While the sensory systems provide critical information about body position and motion, it is the motor
responses triggered by this input, which determine whether a person maintains balance or experiences
a fall [36]. The fundamental balance recovery strategies are divided into xed-support and change-in-
support strategies [37].
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Figure 2: Three primary postural strategies used to maintain balance following perturbations.

The ankle strategy (left) involves body movement as a rigid unit around the ankle joint; the hip strategy
(middle) uses exion or extension at the hips to restore balance; and the step strategy (right) extends the
base of support by taking a step to prevent a fall. The gure was adapted from [38].

Fixed-Support strategies include the ankle and hip strategies. When ankle strategy is employed, the
muscle activation starts from the ground up (distal-to-proximal activation), starting at the ankles and
moving towards thighs and trunk. The rotation of the body is around the ankle joint and the strategy
is limited by how much torque a foot can generate against the ground. Therefore, the ankle strategy is
typically used for small, slow perturbations or during quiet standing [39].

In the hip strategy, the muscles are activated in the opposite manner (proximal-to-distal activation),
starting at the trunk and moving down to the thighs. Mechanically, the upper body rotates backwards
and forwards around the hip joint. It is limited by surface friction and the ability to produce horizontal
force against the support surface. The hip strategy is commonly used for large disturbances and narrow
or unstable surface [39].

If the xed-support strategies become unreliable, the body will employ the stepping strategy, which
shifts the base of support to contain the displaced COM after it moved due to perturbation.

The recruitment of these strategies is often altered with age or disease, leading to less ef cient or delayed
responses and increasing fall risk [40].

1.3.4 Postural Control Assessment

To effectively prevent falls, assessing the ability to maintain and control postural balance is crucial [41,
42]. Thorough balance evaluation is essential in clinical settings for diagnosis and treatment planning,
due to the signi cant impact of balance disorders on affected individuals and society. The main goals
of clinical balance assessments are to identify the existence of a problem and determine its underlying
cause. Clinical assessments of balance can be grouped into functional tests, a systems/physiological
assessments, and quantitative tools [43].

Functional balance tests usually involve performing a set of motor tasks scored on a scale, or using a
stop - watch to measure how long can a person hold a position in a certain posture [43].

The Berg Balance Scale includes 14-item rating system designed to assess functional balance through
both static and dynamic tasks, such as standing unsupported, reaching forward, turning 360 degrees, and
stepping onto a stool. Each item receives a score from 0 to 4 points with a maximum score of 56. A score
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less than 45 is associated with increased risk of falling. Even though the test is widely recognized and
requires only 10 - 15 minutes to perform, the distinguishing between similar scores can be challenging
[44, 43].

Timed Up and Go test is the shortest and simplest clinical balance assessment to perform, likely offering
the highest reliability due to its objective stopwatch timing rather than subjective scoring. The test
evaluates functional mobility, walking speed, and dynamic balance by measuring how long it takes a
participant to rise from a chair, walk three meters, turn around, return to the chair, and sit down at their
normal pace. If one's time to complete the tasks exceeds 13.5 seconds, they are considered at increased
risk of falling. However, although it is considered a direct measure, it provides only one metric: test
duration [45, 43].

Figure 3:Timed Up and Go test sequence(l) Sit-to-stand, (2) Walking out, (3) Turning, (4) Walking
in, (5) Turning around, and (6) Stand-to-sit. The gure was reproduced from [46].

Functional reach test is a single-task balance assessment, which quanti es an individual's limits of sta-
bility. It involves subjects reaching as far forward as they can while standing independently and without
taking a step [43].

While a functional approach to balance assessment determines whether balance impairments exist, a
system approach helps to identify the speci ¢ underlying causes of balance de cits to treat them effec-
tively [43].

The Balance Evaluation Systems Test targets 36 items categorized into 6 different balance control sys-
tems, so that speci ¢ rehabilitation approaches can be designed for different types of balance de cits:
biomechanical constraints, stability limits/verticality, anticipatory postural adjustments, postural re-
sponses, sensory orientation, and stability in gait [47].

The Physiological Pro le Approach focuses on the physiological impairments that contribute to fall risk
rather than balance control systems. The test includes straightforward tests measuring visual function,
foot sensation, leg muscle strength, reaction time, and standing postural sway [48, 43].

Unfortunately, balance scales give only rough estimates of an individual's ability to balance, and tests
that rely on someone's judgment can vary a lot depending on the person doing the scoring [43].
Furthermore, while these clinical approaches are adaptable and easy to implement, they possess signi -
cant disadvantages. These assessments primarily detect obvious balance de cits, making them ineffec-
tive for identifying subtle impairments or detecting fall risk at early stage [49]. Advances in technology
and computing have made it possible to objectively examine postural control through posturography
[41, 42, 50].
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1.4 Posturography

Posturography, literally translating to the description of posture, is one of the most frequently used
methods for postural sway quanti cation. Essentially, the posture is being challenged across various
conditions, such as tests performed with eyes open versus eyes closed or on solid versus foam surfaces,
and the subject's response is evaluated [51].

Posturography can be divided into two main types: static and dynamic. Dynamic posturography covers
the postural control evaluation while balance is experimentally perturbed, such as through a moving
support surface or stimuli applied to upper body. Static posturography assesses postural control while the
subject stands quietly in an unperturbed position. However, due to gravity and self-initiated corrective
movements, even the unperturbed stance is not completely static [51].

Postural control is quanti ed by analyzing the trajectory of the center of pressure (COP), as the ability
to maintain the COP within the limits of the base of support while standing still refers to static postural
control [52, 51]. COP is the point of application of the ground reaction force vector on the support
surface, re ecting the collective effect of all muscles and gravitational forces acting on the body at a
given moment. The primary tools used to measure the COP are force plates [19].

1.4.1 Force plate: The Gold Standard for Postural Stability Assessment

Force plate is a dynamometric device used by researchers and clinicians to evaluate mechanical gait
characteristics and assess balance with precision. The instrument records changes in ground reaction
forces and the COP displacement, parameters involved in understanding human movement. Since human
body is in constant subtle motion, the ground reaction forces continuously uctuate to maintain postural
stability. Force plates track and record the dynamic changes along the contact phase over time [19, 53].
A force plate consists of a platform equipped with force sensors that convert applied forces into electrical
signals ( gure 4). The sensors measure the force applied in three directions: the medial-lateral (ML),
anteroposterior (AP), and vertical, and the three rotational force components (moments) of the ground
reaction force, Mx, My, and Mz [19, 53]. Although, the force plates can measure six components,
postural control is evaluated based on three key dimensions: AP and ML coordinates of the subject's
orientation, and the ground reaction force in the COP [53]. The spontaneous postural sway of the
human body during upright stance is challenging to notice with the naked eye. However, the oscillations
cause measurable movements of the COP, which can be plotted either over time or as two-dimensional
displacement pattern ( gure 4) [54]. The COP trajectory parameters derived from a laboratory-grade
force plate are regarded as the gold standard for postural stability assessment [55].
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Figure 4: Measurement of Postural Sway using a Force Plate(A) Schematic diagram of a subject
standing on a force plate, which measures ground reaction forces in three directions: x (Medial-Lateral,
ML), y (Antero-Posterior, AP), and z (Vertical). The dotted line of the subject represents spontaneous
postural sway. (B) Time-series plot of COP displacement in the ML (x) and AP (y) directions. (C) The
center of pressure (COP) trajectory plotted in the ML-AP plane, derived from the force plate measure-
ments. The gure was adapted from [54]

Force plate technology, however effective, faces certain practical limitations. The price of the instrument
ranges between USD 10,000 to USD 20,000, making it inaccessible for many clinics or assessments in
eld settings [53, 55]. The lack of portability, due to xed installation on the ground of a laboratory,
further restricts the use across different clinical locations or patients' homes [53, 56]. Additional opera-
tional limitation of external power requirement also challenges the exibility of the location set up [55].

To operate effectively, force plates demand trained personnel for accurate data collection, which signi -
cantly decreases the broader application of the technology outside the laboratory environment [50, 57].
In response to the limitations, several alternative devices to the gold standard have been developed and
utilized for evaluating postural control, gait patterns, and assessing the fall risk. Such replacements in-
clude pressure sensing platforms [58, 59], 3D motion tracking system [60, 61, 62] or inertial sensors
[63, 64, 50, 65].

The European Society for the Clinical Evaluation of Balance Disorders discussed the potential of virtual
reality to replace the non-portable and expensive Computerized Dynamic Posturography in diagnostic
settings. Although the Computerized Dynamic Posturography effectively evaluates visual contributions
to balance, it cannot fully account for the combined visual-vestibular effects that occur during real-life
conditions [66]. Virtual reality creates dynamic, multisensory environments, which mirror daily life ac-
tivities more accurately [67]. However, virtual reality technology alone is insuf cient for comprehensive
assessment of postural dysfunction [66].

Researchers are also exploring affordable balance board systems for remote assessment of postural con-
trol, since it takes time and energy for an elderly subject to visit a hospital for checking balance function.

In 2022, a study used Nintendo Wii balance board and force plate to measure COP metrics under four
conditions, revealing adequate to excellent reliability for the two devices [68]. A 2023 study performed
static posturography assessment using a Wii Balance Board in T2DM patients with and without neu-
ropathy, measuring COP metrics. The researchers concluded that the board can be considered a useful
alternative for balance impairment screening [69].
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Despite offering improved portability and reduced cost compared to traditional force plates, these alter-
native measurement systems are mostly restricted to indoor environments susceptible to increased noise
and inconsistent data sampling rates [70].

1.4.2 Inertial Mesurement Unit

Technological progress has enabled the integration of various sensors into wearable devices and the ap-
plication of the sensors into human movement monitoring. The sensors capture motion data, perform
processing and analyzing functions, and ultimately contribute to posture assessment. Such systems are
considered to be valuable in sports and medical elds during rehabilitation programs [71], for falls man-
agement [72], and in movement disorder assessment [73][74].

Among these sensor technologies, Inertial Measurement Units (IMUs) have emerged as particularly
effective tools for human motion analysis [75]. The IMU is a device, which uses three main sensors
operating in a triaxial system. The accelerometer measures linear acceleration of movements along
up/down, left/right, and forward/backward directions. The gyroscope records angular velocity, tracking
three types of rotations, called Euler angles: roll, pitch and yaw, while the magnetometer measures the
strength and direction of the magnetic eld [76].

There are multiple options for sensor placement on the body, however, the lumbar spine, particularly
third to fth lumbar vertebrae, is commonly used during posturographic assessments [76, 77]. The lo-
cation closely aligns with one's COM, which has been shown to correlate with the COP measured by
force platforms [70]. Research has shown that a single sensor in the L3-L5 position offers valid postur-
ographic assessment, comparable with multiple sensors, and is useful in clinical settings [77].

The IMUs offer a long list of quantitative information on one's postural sway [49]. A study investigated
the validity of an IMU sensor in healthy older individuals and showed strong correlation between COM-
and force plate-derived sway measurements, and the IMU ability to distinguish between open and closed
eyes conditions during the testing, validating the IMUs as an alternative to the gold standard method in
postural sway evaluation [49]. Furthermore, Zhou et al [78] and D'Silva analyzed the effect of aging
on gait and postural alterations in diabetic and T2DM patients using IMUs, respectively. Previously, the
IMUs have been used in measuring postural stability [79], in combination with machine learning for the
detection of compensatory balance responses [80] and balance evaluation [81].

1.4.3 Smartphone-Based Assessment

The objectivity of force plate measurements is a signi cant advantage that standard clinical assessments
struggle to match. While inertial sensors offer potential for accurate and objective fall risk, balance, and
gait assessment, they still require trained personnel to operate the equipment and analyze the resulting
data [64]. Mobile technologies offer advantages for fall risk monitoring due to the combination of
technological innovation with user-friendly design.

According to Eurostat data, smartphone usage among EU residents aged 55-74 ranged from 31.24%
to 89.98% in 2024 [82]. Due to the high rate of ownership, smartphones have signi cant potential to
address the important need of objective balance assessment outside the laboratory settings for aging
individuals [64, 50].

1.4.3.1 Benets and Challenges of Smartphone-Based Assessment

The large-scale, high-frequency daily use of smartphones allows for the recruitment of great and varied
participant groups, potentially overcoming geographic constraints and traditional recruitment barriers.
Smartphone-based health research can also streamline operations by reducing dependence on traditional
research facilities and assistance for data collection, eliminating the need for direct contact between par-
ticipants and research teams [83].

15



Moreover, smartphones enable uninterrupted monitoring and repeated data collection, generating lon-
gitudinal datasets that capture subtle physiological parameter variations. This continuous monitoring
process tracks patients' health status in real-time, providing healthcare professionals and researchers
with valuable insights including vital signs, treatment responses and adherence to therapeutic protocols
[84].

Leveraging readily available smartphones can substantially decrease research expenses related to spe-
cialized equipment, participant transportation, and data collection infrastructure [85].

In Denmark, smartphone access is nearly ubiquitous — with nine out of ten families owning one or more
smartphones in 2023, and 86% of the population using smartphones to access the internet [86]. How-
ever, potential concerns remain regarding data privacy, security, and the ethical handling of sensitive
personal information collected through these devices [87].

1.4.3.2 Smartphone-Based Research

Given to the ubiquity and sensor capabilities, smartphones are increasingly being integrated into postu-
ral control research. Studies have validated the use of smartphones' IMUs for assessing postural sway
in both young [88] and older individuals [89]. The devices have proven effective in the detection of
neuromotor changes, i.e. between concussed and non-concussed individuals [90]. Studies have also
demonstrated the reliability and validity of smartphones in measuring anticipatory and compensatory
postural adjustments in clinical environments [91]. Moreover, smartphones have proven capable of cap-
turing both dynamic gait patterns and static balance parameters, for example in people with conditions
like orthostatic tremor [92].

Beyond assessment, smartphones are used in physical rehabilitation settings. They offer signi cant ad-
vantages in accessibility, remote monitoring, and patient engagement [93]. For instance, a smartphone
app-based telerehabilitation program for patients aged 40-80 following total knee arthroplasty led to
better outcomes, such as stronger performance on functional tests (e.g., single-leg stance) at 12 weeks
[94].

Smartphone technology is also being applied in fall prevention and risk assessment. Ozinga et al. [95]
and Ozinga, S.J., Alberts, J.L. [96] used 3D motion capture alongside an iPad application to measure
postural decline in healthy older adults and patients with Parkinson, respectively. They found signi cant
correlations between the iPad measurements and the 3D motion analysis system. Similarly, Cerrito et
al. validated their Android application against force platform measurements during sit-to-stand tests in
healthy seniors, again showing strong correlation between the devices [97]. De Groote et al. validated
smartphone IMU measures, such as root mean square (RMS), velocity, and displacement, against force
plate metrics in older adults, nding signi cant correlations between the two methods [79]. Hsieh et al.
found smartphone-embedded accelerometers being able to effectively quantify static postural stability
and successfully discriminate between aging individuals at low and high risk of falling [64]. Addi-
tional validation work has compared smartphone-based postural assessment against both laboratory-
grade force platforms and research-quality accelerometers [89].

Beyond general aging populations, the smartphone-based assessments have been applied to evaluate
postural stability across diverse conditions, including multiple sclerosis [89], Parkinson's disease [98],
and individuals with stroke [99].

Prolonged sitting has been linked to adverse health outcomes in individuals with T2DM, with even light
physical activity showing measurable bene ts. In response, researchers have developed [100] and eval-
uated [101] user-centric smartphone applications to support this population in shifting from sedentary to
more active lifestyles. Fernandes et al. assessed static balance control and mobility using a smartphone
and instrumented TUG test among elderly population with and without T2DM. They showed that the
device was capable of identifying static balance and mobility impairments often visible in people with
the condition [45].

While smartphones have become valuable tools for tracking exercise, diet, weight, and plasma glucose
levels [102], the research on smartphone-based postural control assessment against gold-standard force
platforms in individuals with T2DM is limited.
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Problem analysis

Falls are a signi cant health concern, particularly among older adults and individuals with T2DM.
T2DM can lead to various complications, including peripheral neuropathy, which can alter postural
control and increase the risk of falling. Among the contributing factors, impaired balance is one of the
most acknowledged.

To maintain, achieve or restore the body balance, postural control has to be employed. Postural control
is a complex chain of events and requires the integration of CNS and sensory systems to produce ap-
propriate motor responses. However, current postural control assessments are associated with notable
limitations. Subjective balance evaluation lack precision, while objective measurements lack accessibil-
ity.

While force plates are regarded as the gold standard for assessing postural control, their use is limited
by cost and complex evaluation procedure. Consequently, cheaper alternatives are being considered.
Smartphones offer many advantages, with mobility being the core one. More importantly, smartphone-
embedded IMU sensors are the key for enabling the devices to detect balance. The combination of
mobility and built-in IMUs makes smartphones a promising solution for objective and convenient bal-
ance assessment.

Smartphones are already employed for postural sway detection, gait performance quanti cation and
balance ability assessment. However, the application of smartphone-based IMU measurements in eval-
uating postural control in individuals with T2DM remains underexplored.

This project aimed to investigate the feasibility of using smartphone IMU sensors to assess static postu-
ral control in individuals with T2DM, by comparing smartphone-based balance metrics with traditional
force plate measurements. A comparative analysis between the results obtained from individuals with
T2DM and those of healthy control group was conducted. To explore this, the project:

» Assessed the ability of smartphone IMU sensors to discriminate between different postural condi-
tions in a similar manner to force plates.

» Explored whether smartphone-derived postural metrics could re ect the impairments typically
observed in older adults with T2DM during standard balance tasks.

» Evaluated the correlation between smartphone-derived parameters and COP metrics from force
plates, in order to determine whether individuals with poor postural stability are consistently iden-
ti ed across both devices.

» Determined which of the extracted parameters is most reliably captured by the smartphone across
both healthy and clinical populations.

To reach these aims, the methodological approach involved concurrent data collection using both force
plates and smartphone IMUs during balance testing protocol under varying visual and stance conditions.
Data processing and subsequent analysis was conducted using MATLAB to extract RMS and mean
velocity (MV) from both measurement systems.
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Materials and Methods

3.1 Paticipants

A total of 36 participants were included in this project, divided into two groups. The healthy group
consisted of nine men and twelve women (age: 23.30 + 2.03 years, height: 175.35 + 10.01 cm, weight:
71.53 + 14.54 kg). The T2DM group consisted of nine men and six women (age: 72.27 + 4.95 years,
height: 171.07 + 9.29 cm, weight: 93.73 + 15.68 kg) recruited through social media and patient lectures
as part of a broader research project.

All participants were verbally informed about the experimental procedure and provided both verbal and
written informed consent before participation. Ethical approval for the T2DM group was registered
with the North Jutland Research department (F2024-197), the North Denmark Region Committee on
Health Research Ethic (N-20240025) and ClinicalTrials.gov (NCT06745544). Written consent forms
for healthy participants are provided in the Appendix. The data acquisition for the healthy control
group was conducted at Aalborg University, and the T2DM group was tested at Steno Diabetes Center
Nordjylland.

Exclusion criteria for both groups included the inability to stand upright without support (e.g., reliance
on a wheelchair or crutches).

3.2 Instruments

3.2.1 Smartphone IMU Sensor

Samsung Galaxy A51 (Seoul, South Korea) contains a tri-axial accelerometer, which was used to per-
form the data acquisition. The accelerometer measures linear acceleration along the X, Y, and Z axes.
The estimated sampling rate of the smartphone w&3 Hz. The smartphone was controlled remotely

with an iPad Air 4th generation (Apple Inc., Cupertino, CA, USA) through the TeamViewer application
(TeamViewer GmbH, @ppingen, Germany). In order to access the smartphone-embedded IMU sensor,
Bubble App (Alexandra Institute, Denmark) was utilized.

3.2.2 AMTI Force Plate

A six-axis AMTI force plate (AMTI BMS400600-2K; Advanced Mechanical Technology, Inc., Wa-
tertown, MA, USA) (gure 5) was used for COP data collection at Aalborg University. The AMTI
BMS400600-2K force plate is constructed with a solid aluminum top plate and able to collect forces
and moments, each in three axis. The signal ampli er ampli es the collected data before transmitting it
to a computer equipped with Qualisys Track Manager (QTM) software (version 2023.2, Qualisys AB,
Goteborg, Sweden) for analysis. A sampling frequency of 500 Hz was used for each static balance
measurement.
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Figure 5: AMTI Force Plate The force plate was used to collect center of pressure (COP) data from
healthy participants at Aalborg University. The gure reproduced from [103]

3.2.3 Biosignalplux Force Plate

A Biosignalplux Force Platform (Plux Biosignals S.A, Arruda dos Vinhos, Portugal) ( gure 6) was used

to collect COP data at Steno Diabetes Center. The platform uses four load cell sensors, each with a
maximum capacity of 200 kg. The vertical forces were recorded from the force platform at a 1 kHz
sampling rate and processed using Open Signals v. 1.2.8 software.

Figure 6:Biosignalplux Force PlateThe force plate was used at the Steno Diabetes Center for center
of pressure (COP) data collection in T2DM participants. The gure reproduced from [104]
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3.3 Experimental procedure

After signing the consent form and providing basic information about age, height, and weight, the par-
ticipants were prepared for the experiment. The smartphone was placed horizontally inside an elastic
running belt, which was then adjusted and fastened to each participant's lower back in proximity to
the L5 vertebrae ( gure 7). Participants from the T2DM group were permitted to support themselves
by touching an assistant's arm if needed. The healthy and T2DM groups underwent static balance as-
sessment standing on the AMTI and Biosignalplux force plates, respectively. The simultaneous use of
force plates for standing and smartphone placement at the lower back allowed for collection of COP and
acceleration data, allowing for comparative analysis between the two measurement systems.

(a) Double-leg stance (b) Single-leg stance

Figure 7. Experimental setup. The smartphone was securely positioned on the lower back of the
participant using an elastic running belt while standing on a force plate. Both double-leg and single-leg
stance conditions were performed as part of the balance assessment.

All participants performed four standing conditions:

1) Both legs eyes open (BL-EO)

2) Both legs eyes closed (BL-EC)

3) One leg eyes opened (OL-EO)

4) One leg eyes closed (OL-EC)

The conditions were chosen to challenge the sensory systems crucial for effective postural control and
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maintaining balance. Each condition was maintained for 30 seconds and performed once. The dominant
leg was determined by asking each participant for preferred kicking foot. The participants wore com-
fortable walking shoes throughout all testing conditions and were asked to stand relaxed with arms along
the body. To minimize environmental in uence during the open-eye tests, participants were instructed
to focus on a xed point on the wall ahead. Once the data were con rmed to be saved, the elastic belt
was removed, marking the end of the experiment.

3.4 Data analysis

Following data collection, the smartphone inertial time series data were transferred to Google Drive
for secure cloud storage, before being transferred to Microsoft Teams for accessibility. The AMTI force
plate data were transferred directly to Microsoft Teams. The T2DM smartphone and Biosignalplux force
plates data were anonymized for ethical considerations immediately after data acquisition and paired to
prevent misidenti cation. All data were stored in Microsoft Teams before being processed in MATLAB
R2024b (MathWorks, Natick, MA, USA).

3.4.1 Coordinate System Adjustment

To properly interpret the acceleration signals, the coordinate system of the smartphone required adjust-
ment due to the horizontal orientation of the device during data collection. The smartphone's rotated
position resulted in axis realignment where the X-axis corresponded to the vertical direction, the Y-axis
to the ML direction, and the Z-axis to the AP direction. The axis realignement was veri ed in MATLAB
(gure 8).

Figure 8: The veri cation of axis realignment through controlled movement tests. The plots dis-

play time-series acceleration data from the smartphone during: up-down (vertical), left-right (ML), and
forward-backward (AP) movements. The dominance of the X-axis in vertical movement, Y-axis in ML
movement, and Z-axis in AP movement con rms the new coordinate system.
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3.4.2 Pre-processing

Prior to the analysis, the acceleration signals were low-pass lItered using a fourth-order Butterworth
Iter with a cut-off frequency of 10 Hz to reduce high-frequency noise ( gure 9). The Iter was designed
by normalizing the cut-off frequency to the sampling frequency of the device. The AMTI force plate
data underwent a similar Itering process, with a fourth-order Butterworth low-pass lter applied ata 10
Hz cutoff frequency (gures 10 and 11). After Itering, the raw accelerometric time series underwent
detrending to remove any linear trends or drifts, followed by the extraction of speci ¢ features from the
processed data.

Figure 9: Time-series plots of acceleration signalsTime-series plot of raw (blue) and Itered (red)
smartphone IMU acceleration signals in the anteroposterior (AP, top) and mediolateral (ML, bottom)
directions. A 4th-order low-pass Butterworth lter with a 10 Hz cutoff was applied to reduce high-
frequency noise.
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Figure 10:Raw time-series plots of COPTime-series plot of raw center of pressure (COP) x (ML) and
y (AP) coordinates

Figure 11:Filtered time-series plots of COP.Time-series plot of center of pressure (COP) x (ML) and
y (AP) coordinates after applying low-pass Butterworth lter.
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3.4.3 Processing
3.4.3.1 Acceleration Parameters

First, the resultant root mean square of the acceleration signal (RMS ACC) was computed:

Vv
i
RMSAP:!fJ N AP?
i=1
U x
RMSyL = t N ML 2
q i=1

RMSACC= RMSip+ RMSY,

The AP and ML are the Itered acceleration signals from Y and Z axis, respectiwlys the total
number of samples.

Next, the velocity signal was obtained by cumulative trapezoidal integration of the detrended accel-
eration signal over time, following the equation:Z

¥t)=  at)dt

The velocity signal was then detrended and only the ML and AP axes were considered. The magnitude
of the 2D velocity vector was computed and the resultant mean velocity (MV ACC) was obtained by
averaging the magnitude over time:

MV ACC = Ni %0

3.4.3.2 COP Parameters
Root Mean Square of the COP (RMS COP) was calculated as follows:

v
R
RMSAP: W API
i=1
v
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RMSML = W MLI
i=1
a

RMS COP=  RMSip + RMSZ,

The AP and ML are the displacement vectors from Y and X axis, respectiveljy aathe total number
of samples.

Total path length was computed as the sum of Euclidean distances between consecutive COP positions
and used to calculate the mean total velocity of COP (MV COP).
X 14
Total Path Lengthe (COR;+1 COR)?+(COR;s1  CORy)?
i=1

MV COP was computed as Total Path length divided by duration of theTigst (

Total Path Length
T

MV COP =
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3.5 Statistical analysis

Statistical analyses were performed using MATLAB R2024b (MathWorks, Natick, MA, USA). The nor-
mality of the data was assessed using the Shapiro-Wilk test. Based on these results, the Friedman test
was performed for condition-based comparisons within each measurement group across all four bal-
ance conditions. Wilcoxon signed-rank tests with Bonferroni correction were subsequently conducted
for post-hoc analyses. To evaluate the relationship between the two measurement methods, Spearman’s
rank correlation coef cient was used for non-normally distributed data, while Pearson's correlation co-

ef cient was applied for normally distributed data. Correlation coef cient values were interpreted as
follows: 0.3-0.5 represented low correlation, 0.5-0.7 indicated moderate correlation, and 0.7-0.9 de-
noted high correlation [105]. Further agreement between the force plate and smartphone measurements
was assessed by generating Bland—Altman plots for RMS and MV parameters. In each plot, the average
of the two device measurements was plotted against their difference for each individual trial. The mean
bias and the 95% limits of agreement (LoA), de ned as the mean difference +1.96 times the standard
deviation, were calculated. In addition, the 95% con dence intervals (Cl) for both the bias and the LoA
were reported to quantify the precision of these estimates. Before conducting the Bland—Altman analy-
sis, a scaling factor was applied to the IMU-derived parameters to bring their magnitude in line with that

of the force plate-derived values. This adjustment was empirically determined based on the observed
relationship between the two modalities across multiple trials. The application of this scaling factor
enabled a more meaningful and interpretable assessment of agreement between the two measurement
systems. The Mann-Whitney U test was employed to compare differences in postural control between
healthy participants and patients with T2DM. Effect sizes are reported as small = 0.2; medium = 0.5,
and large = 0.8 [106].
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Results

This section presents the ndings of the postural control evaluation that compares the measurements
obtained from smartphone IMU sensor with those from force plates in healthy participants (n = 19) and
patients with T2DM (n = 14). Results are organized by the participant groups.

For healthy participants, all four postural conditions (BL-EO, BL-EC, OL-EO, OL-EC) were analyzed.
For T2DM patients, only the rst two conditions (BL-EO and BL-EC) were independently performed
without external support. Although patients required assistance during single-leg stance conditions (OL-
EO and OL-EC), data from these conditions were still collected and included for comparative purposes,
allowing for group comparisons across all conditions

4.1 Healthy Group Results

Descriptive statistics were calculated for all postural control parameters across the four balance condi-
tions (BL-EO, BL-EC, OL-EO, OL-EC) for both measurement methods (smartphone IMU and force
plate). All parameters showed a progressive increase as visual and proprioceptive inputs were reduced
and the balance conditions became more challenging (appendix 1).

4.1.1 Effects of Different Conditions on Balance Parameters

Based on the results from the Shapiro-Wilk test (appendix 1), a non-parametric Friedman test was con-
ducted to look for differences in postural control parameters across the four balance conditions. Re-
sults were considered signi cant pt< 0:05. The test yielded statistically signi cant results for the
smartphone-based RMS ACC and MV ACC, as well as for the force plate — based RMS COP and MV
COP (appendix 3). Based on these results, a Bonferroni-corrected post-hoc Wilcoxon signed-rank test
was performed between all pairwise condition combinations. To account for the increased risk of Type

| errors, due to multiple comparisons, the signi cance levglWas adjusted (= 0.0083).

The variability of the data increased progressively in all parameters as the tasks got more dif cult ( gure
12). The most challenging condition (OL-EC) consistently exhibited the widest distribution of values for
each parameter, as seen by the broader shape of the violin plots and the increased spread of individual
data points. On the other hand, the least challenging balance task (BL-EO) showed the least variabil-
ity, with tightly clustered data points and narrow distributions, a pattern seen across both measurement
methods.

The post — hoc analysis revealed signi cant differences in all but one compared pairs of conditions for
all parameters (gure 12). The magnitude of the differences are showed by the medium effect sizes
(0.55 - 0.62) among all pairs but BL- EO vs BL — EC (0.10 - 0.42) in each parameter irrelevant of the
measurement method (appendix 5).

The most pronounced difference for RMS ACC was observed between OL-EC (632 amdsBL —

EO (6.93 cm/$), following with BL — EC (7.08 cm/%), and OL-EO condition (19.66 cnts The force

plate based RMS COP also showed signi cant differenges (0:001) between all conditions except
between BL-EO (0.42 cm) and BL-EC (0.53 cm).

A similar pattern emerged for both MV parameters, having signi cant effects between all condition pairs
except BL-EO (MV ACC: 10.21 cm/s and MV COP: 0.95 cm/s) versus BL-EC (MV ACC: 13.92 cm/s
and MV COP: 1.25 cm/s). As the previous parameters, the velocities followed a progressively increasing
trend.
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(a) RMS ACC (cm/3) (b) RMS COP (cm)

(c) MV ACC (cm/s) (d) MV COP (cm/s)

Figure 12:Distribution and Signi cance of Balance Parameters in Healthy Participants. Distribu-

tion and signi cance of smartphone-based Root Mean Squared of Acceleration (RMS ACC) and Mean
Velocity of Acceleration (MV ACC), and force plate-based Root Mean Squared Center of Pressure
(RMS COP) and Mean Velocity of Center of Pressure (MV COP) across conditions: both legs eyes open
(BL-EO), both legs eyes closed (BL-EC), one leg eyes open (OL-EO), and one leg eyes closed (OL-EC).
The violins illustrate the data density, with the white dot indicating the median and the grey vertical line
representing the interquartile range. Asterisks denote statistically signi cant differences between condi-
tionsp < 0:008
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4.1.2 Correlation Analysis Between Smartphone and Force Plate Measurements

Next, the Spearman's rank correlation analysis was performed to assess the relationship between
smartphone-derived ACC parameters and force plate-derived COP parameters across all four balance
conditions. Based on the Shapiro-Wilk test (appendix 1), the Spearman Correlation analysis was ap-
plied to all pairs except one. As both RMS ACC and RMS COP in OL-EO condition were normally
distributed, Pearson's correlation analysis was additionally performed [107].

The results demonstrated strong correlations in RMS parameters ( gure 13). The strongest correlation
was observed in the most challenging OL-EC conditior(0.90,p < 0:001), followed by the least
challenging BL-EO condition (= 0.75,p < 0:001). The BL-EC and OL-EO had moderate correlation

coef cients of 0.55 p < 0:05) and 0.65 p < 0:01), respectively.

Figure 13: Correlation Analysis of RMS ACC and RMS COP. Correlation between smartphone-
derived Root Mean Square of Acceleration (RMS ACC) and force plate-derived Root Mean Square of
Center of Pressure (RMS COP) across four balance conditions: both legs eyes open (BL-EO), both legs
eyes closed (BL-EC), one leg eyes open (OL-EO), and one leg eyes closed (OL-EC). A linear regression
line is shown in red for each plot. Conditions are color-coded as follows: BL-EO in blue, BL-EC in
orange, OL-EO in yellow, and OL-EC in purple. Signi cance is denoted with asterigiss *0:05,

**p < 0:01, ** p < 0:001 Note: r indicates Pearson's correlation coef cient.

Similarly for MV parameters, the strongest correlation could be observed after taking out the vision and
challenging the base of support in OL-EC 0.70,p = 0:001) ( gure 14). The remaining conditions
(BL-EO: =0.33,p=0:163 BL-EC: =0.20,p = 0:402 OL-EO: =0.27,p = 0:265) displayed

poor correlation and did not reach statistical signi cance.
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Figure 14:Correlation Analysis of MV ACC and MV COP. Correlation between smartphone-derived
Mean Velocity of Acceleration (MV ACC) and force plate-derived Mean Velocity of Center of Pressure
(MV COP) across the four balance conditions: both legs eyes open (BL-EO), both legs eyes closed (BL-
EC), one leg eyes open (OL-EO), and one leg eyes closed (OL-EC). A linear regression line is shown
in red for each plot. Conditions are color-coded as follows: BL-EO in blue, BL-EC in orange, OL-EO
in yellow, and OL-EC in purple. Signi cance is denoted with asteriskg % 0:01 Note: r indicates
Pearson's correlation coef cient.

4.1.3 Bland-Altman Agreement Analysis

To assess the interchangeability and agreement between the smartphone IMU sensor and the force plate
for measuring postural control, Bland-Altman analysis was performed (appendix 8). A scaling factor of
20 was applied to the IMU-derived parameters before conducting the analysis to allow for comparison
with the force plate values, which were several magnitudes lower.

For RMS, the limits of agreement (LoA) generally increased with more challenging conditions (from
BL-EO to OL-EC). The best agreement was observed in the BL-EO condition ( gure 15a), characterized
by a small bias (-0.08) and relatively narrow LoA (0.24 to -0.40). Agreement decreased progressively
as the tasks became more challenging. The BL-EC ( gure 15b) condition showed a larger negative
bias (-0.19) and slightly wider LoA (0.26 to -0.63). For the OL-EO condition ( gure 15c), while the
average bias was small (0.10), the agreement signi cantly worsened, indicated by wider LoA (0.74 to
-0.54) and increased scatter at higher values. The OL-EC condition ( gure 15d) exhibited the poorest
agreement, marked by a substantial positive bias (1.15) and very wide LoA (3.99 to -1.69), suggesting
that the discrepancy between the two methods increased with the magnitude of sway during this task.
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