www.nature.com/scientificreports

scientific reports

OPEN

W) Check for updates

Defining the concept of physical
resilience and quantifying recovery
during standing balance in middle-
aged and older adults
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Physical resilience is the ability to recover from an external perturbation, an integral aspect of
functional adaptability and healthy behavior. Techniques that quantify behavior over multiple time
scales offer a solution to quantifying resilience. As people age, they tend to lose functional adaptability
and resilience. However, age-related declines in resilience between middle-aged and older adults is
unclear. This study compared the difference in the ability to recover to baseline following standing
balance perturbations between middle-aged and older adults, and between those that do or do not
recover to baseline. Thirty-eight middle-aged and thirty-one older adults stood on a force platform
during five, 60-sec trials. The platform moved posteriorly a specified distance during each trial (2.54 to
12.7 cm). Detrended fluctuation analysis (DFA) was calculated on anteroposterior center of pressure
with moving windows of five seconds. Baseline DFA alpha (BA) was obtained by averaging windows
before the perturbation. Directly after the perturbation, windows were analyzed until the DFA
recovered within a set criterion of BA, called recovery Alpha (RA). If DFA didn’t meet the criterion, DFA
of the last window was taken as the RA. Trials were coded as recovery and non-recovery. There was a
significant interaction between age and Recover or No recovery on RA. Older adult non-recoverers had
a significantly lower RA than middle-aged adults and older adult recoverers. Older adults who did not
recover to baseline exhibited less persistent sway, evidenced by decreases in RA. Older adult non-
recoverers demonstrating decreased DFA indicates decreased resilience.
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Standing balance and perturbations to standing balance have received a great deal of study in biomechanics
literature! 3. Displacement of the center of pressure (COP) reflects body sway, which is thought to be indicative
of physiological influences and neurological control mechanisms*°. There are a wide variety of methods utilized
to test the standing balance system"®’, and to analyze the digital signals that are produced®!!. Common
techniques include linear methods which characterize the physical displacement of COP, such as sway velocity
and total sway area, and nonlinear methods which include measures of regularity, statistical self-similarity, the
rate of divergence, and more>!12-17,

The human body is known to exhibit fractal like structure, meaning it is irregular, but exhibits self-
similarity'®-2. The overall shape or pattern of a fractal structure can be broken down into smaller components,
which are statistically similar to the whole structure, regardless of the scale at which they are observed?. This
fractal structure provides redundancy to the human body and its subsystems, and it is this redundancy which in
turn provides the human body with a set of possible states which can be assumed (i.e. state space), as opposed
to a single state?®?!. Being able to access many different system states is beneficial in the sense that it allows the
human body to adapt to varying demands, and to switch to a different state in the case that the current one
becomes disadvantageous or inaccessible?2.

This redundancy, which exists across different physical scales of organization in the human body (e.g. whole-
body scale, organ scale, tissue scale), gives rise to long-range correlations in physiological and biomechanical
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time-series data'”?3-26, Long-range correlations are measurable through nonlinear analysis techniques, such
as the detrended fluctuation analysis (DFA)?. When DFA is applied to COP time series in the anteroposterior
direction, the output value, termed the alpha value (a), tends to be between 1 and 2, indicating that the time
series is persistent and unbounded, with higher a values indicating greater persistence!”. In a persistent signal,
increases or decrease in the values at any specific time scale are likely to be followed by increases or decreases at
other time scales, respectively!”227. This persistence is indicative of self-similarity in time, which is accompanied
by self-similarity in the system’s physical structure?®. Older adults tend to exhibit greater a values than middle-
aged and young adults, indicating a degradation (i.e. greater persistence) in the postural control system®%.
However, it is unclear how age and perturbations affect COP persistence. Measuring a system’s persistence in
time is an indirect way of measuring its physical redundancy and fractal structure, with which the set of possible
system states can be inferred®.

Related is the concept of physical resilience®'-33. The National Institutes of Health recently started a new
initiative to define a research framework using the concept of resilience as a theoretical underpinning®*. Previous
researchers have opted to operationally define physical resilience, as no attempt, that these authors know of at
the time of writing, has been made to make explicit statements about how it is the phenomenon is believed to
exist (i.e. its ontological status), which is a major shortcoming of many concepts in the behavioral sciences®*. The
general similarities between previous research seem to indicate that physical resilience involves a system existing
in some baseline state, being perturbed from that state to a state of lower functional ability, then recovering to the
baseline state’!. It is currently unclear how to appropriately measure these three components of resilience (i.e.
baseline, perturbation, recovery), however the DFA seems to be a promising avenue for measuring the current
state of a complex system, such as the human body?’. A previous study in the motor control literature measured
continuous movement of the hand during a visuomotor adaptation task where perturbations were introduced to
disrupt performance®. In this study, the hand movement data were analyzed using DFA, which demonstrated
that resilient motor performance during the task was positively related to the DFA scaling exponent o*. Thus, it
may be possible to use a sliding window approach to DFA to measure the current state of a complex system and
its response to a perturbation.

The purpose of the present study was to evaluate the differences in COP persistence between middle-aged
and older adults and their ability to recover from a perturbation by applying DFA to a series of sliding windows
before and after the perturbation. This could be a potential measurement for resilience as defined earlier. To that
end we postulated two main hypotheses relative to baseline state: (1) Older adults will exhibit decreased COP
persistence in response to a perturbation; and (2) Those who are not able to recover to their baseline state from
a perturbation will also exhibit decreased COP persistence.

Results
Sixty-nine participants completed the study; 38 middle aged adults and 31 older adults (Table 1.). Participants
stood on a force platform and one backward perturbation was delivered at one of five magnitudes during five
one-minute trials. DFA was calculated for windows of time before and after the perturbation. Baseline a (BA),
a from the first window post perturbation, and recovery a (RA) were quantified. If RA was within two standard
deviations of BA before the end of the trial, the trial was classified as recovery. Three separate three-way factorial
ANOVAs with repeated measures were used to test the effects of three independent variables: (1) age group,
(2) perturbation magnitude, and (3) recovery (i.e. recover or no recover status); on three separate dependent
variables: (a) BA, (b) a from the first window after the perturbation, and (c) RA. No effect of perturbation
magnitude was found in any model, so it was removed from further analysis and instead three separate two-way
factorial ANOVA’s with repeated measures were used to test the effects of the two independent variables: (1) age
group and (2) recovery; on the three separate dependent variables: (a) BA, (b) a from the first window after the
perturbation, and (c) RA.

BA and a from the first window after the perturbation were normally distributed. The original data and the
log transformed data for RA were found to differ significantly from a normal distribution (p<.001). The RA
values from two individual trials in the older adult’s group were found to be extreme outliers, defined as being

Middle Age n=38
Age, years 54.4+7
Sex, male/female | 21/17
Height, cm 173.3+10.4
Mass, kg 86+26.5
TUG, s 85+14
Older Adult n=31
Age, years 70+4.1
Sex, male/female | 14/17
Height, cm 169+8.7
Mass, kg 86.1+14.2
TUG, s 9+1.3

Table 1. Participant demographics (N=69). Values are presented as mean + standard deviation.
MOCA =Montreal Cognitive Assessment. TUG =Timed Up & Go.

Scientific Reports |

(2025) 15:7988 | https://doi.org/10.1038/s41598-025-92746-7 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

DFAAlpha Value

Dependent Variable | Age Group | Mean | Standard Deviation | F-value | p-value | partial n?
MA 1.81 0.05
BA 3.14 0.08 0.05
OA 1.78 0.07
MA 1.76 0.14
First Window 0.32 0.57 0.01
OA 1.77 0.13
MA 1.79 0.09
RA 53 0.02 0.08
OA 1.75 0.10

Table 2. Main effects of age group on alpha values from Follow-Up One-Way ANOVAs. Statistical summary
of the main effects of age group on each dependent variable from one-way ANOVA tests. BA =baseline DFA

alpha, RA =recovery DFA alpha, First window represents the DFA alpha value from the first 500 data points

following the perturbation.

Middle Aged

Older Adults

Recovered Did Not Recove

Fig. 1. Baseline mean alpha values (BA), calculated by taking the average of all sliding windows before
the perturbation was applied for baseline means split by (A) the interaction of Age Group by recovery, (B)
Age Group, and (C) recovery (i.e., whether or not the participant recovered to their baseline value within
60-seconds). Red indicates middle-aged and blue indicates older adults. Solid bars indicate recoverers and
striped bars indicate non-recoverers. The horizontal bars with one asterisk (*) indicates significance at the

p<.05level.

Dependent Variable | Df

Sum of Squares

Mean Square

F-value

p-value

BA 1

0.0002

0.0002

0.02

0.9

First Window 1

0.02

0.02

1.58

0.21

RA 1

0.04

0.04

3.57

0.06

Table 3. Interaction effects for between age group and Recovery status from Two-Way repeated measures
ANOVAs. Statistical summary of the interaction terms used in the two-way repeated measures ANOVA tests
for each DFA alpha dependent variable. age group included individuals from middle-aged and older adults.
Recovery status was true if the return alpha (RA) was within two standard deviations of baseline alpha (BA)
before the end of the trial. First window represents the DFA alpha value from the first 500 data points following
the perturbation.

more than three standard deviations away from the mean. These outliers were removed from further analysis.
Following removal of the outliers, the data did not differ significantly from a normal distribution (p =.43).

Two-way factorial ANOVA found a nearly significant main effect of age group on BA (n=69, F(1,58) =3.14,
p=.08), providing some evidence that there may be age differences (Table 2.). Tukey’s HSD revealed a significantly
less persistent BA in older adults compared to middle aged adults with a medium effect (p-adjusted =0.005;
mean difference = -0.02; 95% CI = [-0.04, -0.007]; partial n>=0.07) (Fig. 1.). No significant main effects or
interactions were found for perturbation magnitude or recovery on BA.

No significant differences were found between age groups, perturbation magnitudes, or recovery on the a of
the first window post perturbation.

Two-way factorial ANOVA found a nearly significant interaction between age group and recovery (n=69,
F(1,58)=3.6, p=.06) on RA (Table 3.). Tukey’s HSD indicates that older adult non-recoverers have a significantly
lower RA than middle-aged recoverers (p-adjusted=0.04; mean difference = -0.05; 95% CI = [-0.10, -0.001])
and non-recoverers (p-adjusted =0.02; mean difference = -0.04; 95% CI = [-0.08, -0.005]) (Fig. 2.). Main effects
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Did Not Recover Middle Aged Older Adults Recovered Did Not Recove!

Fig. 2. Recover alpha (RA) values from the final sliding detrended fluctuation analysis window when the
alpha value recovered to within two standard deviations of the baseline mean split by (A) the interaction

of Age Group by recovery, (B) Age Group, and (C) recovery (i.e., whether or not the participant recovered

to their baseline value within 60-seconds). Red indicates middle-aged and blue indicates older adults. Solid
bars indicate recoverers and striped bars indicate non-recoverers. The horizontal bars with two asterisks (**)
indicate a significant difference at the p <.01 level, and one asterisk (*) indicates significance at the p <.05 level.

Mean | Standard Deviation | F-value
Recover 1.80 0.06
BA 0.97
No Recover 1.79 0.06

Dependent Variable | Recover or No Recover p-value | partial n?

0.33 0.01

1.76
1.77
1.79
1.76

0.12
0.14
0.10
0.10

Recover

First Window 0.56 0.48 0.01

No Recover

Recover

0.004 0.13

No Recover

Table 4. Main effects of recovery on alpha values from Follow-Up One-Way ANOVAs. Statistical summary of
the main effects of recovery on DFA alpha values from one-way ANOVA follow-up tests. Recovery status was
true if the return alpha (RA) was within two standard deviations of baseline alpha (BA) before the end of the
trial. First window represents the DFA alpha value from the first 500 data points following the perturbation.

tests revealed a significant main effect of age group (F(1,58)=5.3, p=.02; mean difference = -0.03; 95% CI =
[-0.06, -0.008]; partial n?=0.08) and recovery (F(1,58) =8.8, p=.004; mean difference = -0.2; 95% CI = [-0.05,
-0.003]; partial n?=0.13) on RA (Table 4.). The main effects’ significances seem to be driven by older adult non-
recoverers. No significant main effect or interaction was found for perturbation magnitudes on RA.

Discussion

The purpose of the present study was to evaluate the differences between middle-aged and older adults in their
ability to recover from a perturbation based on COP persistence. Two hypotheses were postulated: (1) Older
adults would exhibit decreased COP persistence in response to a perturbation, and (2) Those who are not able
to recover to baseline from a perturbation will also exhibit decreased COP persistence. The results support the
first hypothesis, in that older adults had significantly lower COP persistence than middle-aged adults following
a perturbation (Fig. 2B.). When successive increments in a time series are correlated, meaning that past events
influence future events, the signal can be characterized as persistent. As demonstrated by these results, participants
exhibited a highly persistent COP (a> 1) before and after a perturbation, with older adults being significantly less
persistent. However, this age difference was driven by older adult non-recoverers as the results of the interaction
between Age Group and recovery demonstrate (Fig. 2A.). In opposition to our second hypothesis, this indicates
that older adult recoverers do not differ from middle-aged recoverers and non-recoverers. This provides further
evidence that some older adults retain physical resilience similar to their younger counterparts.

These a values over 1 indicate the time series is persistent, exhibiting correlations within itself over multiple
time scales, and is unbounded!”. Or simply put, increases in time series values are likely to be followed by
additional increases and vice versa. As a continues to rise above 1, the signal becomes qualitatively smoother,
indicating non-stationarity®’, and that correlations exist, but they stop being of a power-law form!’. A value of
a= 1.5 indicates the signal is Brownian noise, which is dominated by lower frequency trends in the data!’. Data
from this study indicate highly persistent COP behavior — well into o values greater than 1.5, indicating extreme
persistence. This is likely due to the biomechanical nature of anteroposterior balance control.

The control of balance in the anteroposterior direction is typically accomplished through ankle and hip
strategies®. In this control scheme, the ankle and the hip work in opposition to one another through an inverse
moment couple whereby a positive change in angular position in one joint (e.g. ankle) is met with a negative
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change in angular position of the other joint (e.g. hip) in an attempt to maintain center of mass over the base
of support. For example, if the ankles plantarflex, moving the center of mass posteriorly, the hips would have
to flex moving the center of mass anteriorly to maintain center of mass over base of support. These responses
are inversely coupled, but not phase locked, meaning changes in one will not cause immediate changes in the
other. Instead, the reaction of the other will lag slightly. This non-phase locked inverse coupling of control
in the anteroposterior direction may be what causes the COP signal in this direction to exhibit persistence.
Anteroposterior COP DFA a values tend to be somewhere between 1 and 2, indicating that any given time the
balance system is dependent upon its previous states, and becomes more dependent upon its previous states the
higher the alpha value rises®3®.

Based on the findings presented, the difference between age groups was driven by older adult trials in which
the participants did not recover. During these trials, participants exhibited a significant decrease in signal
persistence in response to a standing balance perturbation, which indicates they were less dependent upon their
previous states and began exploring a larger state space. The pre-perturbation state space likely had a high degree
of order, with constraints that limited the system to certain regions, indicating a lower-dimensional attractor
within a high-dimensional space. Then, the perturbation may have induced a change in control over the degrees
of freedom, and a new functional state was enacted which could no longer depend on the previous system states
because they had become inaccessible.

The ability to access a large repertoire of possible states, which is known as the degrees of freedom problem,
is a fundamental feature of the human motor control system>. It has been hypothesized that aging and loss of
system complexity are complimentary. As aging progresses there may be either a decrease in the amount of
system components and the interaction between them which would lead to rigid, predicable behavior, or there
may be an overabundance of system components and interactions between them, which may lead to random
unpredictable behavior!®. In either case, when behavior becomes either too rigid or too random it may be
characterized as losing complexity'®!*40, The amount of system components and interactions between those
components contributes directly to the set of possible states the system has access to (i.e. state space). Currently,
physical resilience is conceptualized as a decline in function followed by a recovery to baseline®>. However,
despite attempts to frame physical resilience in terms of dynamical systems theory, the concept of baseline state
has not yet been framed through the concept of state space®!.

Defining physical resilience

There is not yet a clear consensus on how to define physical resilience at the whole-body level in the
gerontological literature. Previous research endeavors have operationally defined physical resilience, which has
led to inconsistencies in its conceptualization®3>*1, In this paper, we explore the concept of physical resilience,
which is a whole-body level, biomechanical, human-movement based concept®"*>41-44, This is distinguished
from the concept of resilience at any other given level (e.g. physiological*® or psychological), or in the more
general conceptualization of the term at the whole-system level (i.e. summation of all bodily systems — which is
not to be confused with whole-body level), or across system levels.

There are a handful of general conceptual frameworks for defining physical resilience, which use terminology
such as resistance, recovery, and robustness when attempting to define it. Whitson et al. (2015) defined physical
resilience as a phenomenon that exists at the whole person level which determines the ability of an individual
to resist functional decline or recover physical health following a stressor’!. Ukraintseva et al. (2016) challenged
this definition by differentiating the ability to resist functional decline from the ability to recover following a
stressor®2. In this view, the authors defined robustness as the ability to resist functional decline, and physical
resilience as the ability to recover following a stressor®?. Later, Whitson et al. (2016) agreed that it may be useful
to differentiate between resilience and robustness*®. To date, there is no general consensus on whether the
concept of resilience ought to incorporate both resistance and recovery, or if resistance belongs to robustness and
recovery to resilience.

The idea that resilience as a whole, not just specifically physical resilience, should be defined as a general
positive adaptation has been challenged by Hill et al. (2024)?". The authors assert that resilience as a whole is a
phenomenon which exists at the biopsychosocial level, and define it as the ability of such a system to recover to the
previous level of functioning following a perturbation?’. This definition of resilience has been contrasted with
the concepts of resistance to, and growth following, a stressor, which are believed to be separate phenomena®’.
However, the concepts of resilience, resistance, and growth all seem to share the general components of baseline
state, perturbation, and response to that perturbation, but each differs in its response to the perturbation. Hill et
al. (2024) go further to state that recovering to a previous level of functioning may be a negative consequence,
if the previous state is at a lower functional level than the current state?’. Herein we note the importance of
semantics in defining terminology, in opposition to the notion propounded by Whitson et al. (2016) that
overemphasizing semantic differences hinders scientific progress“. The terms, ‘return; and ‘recover; are used in
seemingly the same context between studies, obfuscating the path to a clear definition of resilience’!-3241:42:46.47,
We operationally defined recovery as a special case of returning to a previous state following a perturbation,
where the previous state is at a higher functional level, and propose that recovery, not simply returning, is an
essential subcomponent of resilience.

To measure recovery, a perturbation must be introduced either experimentally or naturally, that diminishes
the set of states the system has access to. In the present study, we perturbed the system experimentally using a
moving platform and measured completeness of recovery through the resulting COP time-series persistence.
The results indicate that older adult non-recoverers exhibit less persistent sway patterns than middle aged adults
and older adult recoverers, meaning that the older adult non-recoverer’s responses to physical perturbations are
likely to take longer (Fig. 2.). It appears then, that whole-body level perturbations decrease COP persistence in
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older adults when they are not able to recover to their baseline state. This provides evidence that older adults are
sometimes less resilient to physical perturbations than middle-aged adults.

Future directions

Current literature lacks a consensus as to what it means for a human to be physically resilient. This lack of
consensus arises as a result of not having an ontologically grounded formulation of physical resilience, which
also provides definitions of its subcomponents (i.e. baseline state, perturbation, and recovery)®. An ontology
of physical resilience, then, would allow a theory of physical resilience to make predictions that can be falsified
experimentally by testing its subcomponents®. Future work should employ a tool such as the Ontology
Development Toolkit*® to develop an ontology of physical resilience, using the Web Ontology Language
standards®.

In line with the propositions made by Ukraintseva et al. (2018), we take the general stance that robustness
and resilience ought to be differentiated. There is seemingly an agreement between Ukraintseva et al. (2016) and
Varadhan et al. (2018) that robustness ought to be defined as the ability to resist functional decline following
a perturbation by taking advantage of the redundancy build into the human motor control system to occupy
different functional states while retaining the same level of performance. There is no consensus about how
resilience exists (i.e. its ontological status), however, there is some agreement about what its three subcomponents
are. Specifically, (1) there is some baseline state in which the system exists, (2) a time-dependent perturbation
occurs which pushes the system outside of its baseline state into a state of lower function, and (3) there is a
recovery from the perturbed state to the baseline state.

To define physical resilience, we believe that it is crucially important to define its subcomponents in a way
that is falsifiable. First, we must be able to define some baseline state that the system exists in. Second, we must
be able to define some perturbation that is able to be applied to the system, which has the capacity to push the
system outside of its baseline state into a perturbed state of a lower functional level. Finally, we must be able to
define what it means to recover from the perturbed state to a state with the same functional level as the baseline
state. In this study, we operationally defined each subcomponent as follows; (a) baseline state was defined as the
average alpha value from windows before the perturbation, (b) perturbation was defined as the movement of the
plate the participants were asked to stand on, and (c) recovery was defined as the point at which the alpha value
returned to within two standard deviations of the baseline mean.

When defining the subcomponents, it is likewise important to make explicit assertions about how the
phenomena are believed to exist>>. We conject that it is important to consider the set of possible states the system
has access to when defining the baseline state, which is a direct reflection of the systems physical redundancy
and fractal structure.

A common conception that appears to pervade the literature on physical resilience is that the baseline state
should be defined as a homeostatic system, or a fixed-point attractor®"¥. In the classical interpretation of both
homeostasis and fixed-point attractors, it is assumed that there is a single state which the system fluctuates
around or moves toward. We challenge this notion with the assertion that biological systems tend to fluctuate
within acceptable limits (i.e. homeokinesis), as opposed to fluctuating around a single state (i.e. homeostasis)>*°!.
Instead of conceptualizing the baseline state as a single state, we propose to conceptualize it as the set of possible
states the system can assume (i.e. its state space). In this conceptualization, the set of possible states contains the
set of probable states as a proper subset. The actual state the system assumes at any given time, which may be
conceptualized as a strange attractor, is a singleton subset of the set of probable states. Instead of simply pushing
the system into a different state, a perturbation diminishes the set of possible states the system has access to,
lowering its dimensionality in phase space. This diminishes the set of possible states the system is capable of
assuming, which then diminishes the set of probable states the system is likely to assume. The actual state then,
is necessarily dependent upon the set of probable states. Thus, recovery to baseline means recovering the set
of possible states the system has access to, following a perturbation that resulted in the loss of possible states
(Fig. 3.).

An adequate measure of physical resilience then, may include time to recovery or completeness of recovery,
where recovery means the system has regained access to a set of system states that is equivalent to (not identical
to) the set of system states that was present at baseline.

The individuals who participated in this study were all generally healthy, were not considered frail, and did not
have any conditions that obviously affected balance. Still, there was variability in performance both within and
between age groups for recovery to BA. Individuals who did not recover to BA exhibited a decreased COP signal
persistence, a finding that was driven by older adult non-recoverers. It is unclear why some individuals, especially
those in the older adult group, sometimes respond differently to standing balance perturbations than others. It is
also unclear whether those differences in performance indicate anything of concern regarding someone’s health.
Future research might seek to compare specific patient groups using this experimental paradigm (e.g. those with
frailty vs. those without frailty; fallers vs. non-fallers) and explore whether risk factors for common age-related
syndromes such as frailty and falls relate to failure to recover to baseline.

Limitations

A main limitation of the present study is the type of measurements that were taken. COP were measured using
a force plate, which reduces the 3-dimensional nature of the control of the center of mass into a 2-dimensional
measurement. While related, center of mass and COP are not directly deducible from each other, and there is
evidence that both are important in the control of balance®. Another limitation is that there were not a large
enough number of parameters for performing transitive statistics or factor analysis. We also did not account for
the effects of electrical muscle activity (e.g. electromyography), body segment mass distributions (e.g. center of
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Perturbation B

Fig. 3. A schematic of the set of possible states (A), the set of probable states (B), and the singleton set of the
actual state (C) before (pre) and after (post) a perturbation. The perturbation results in the loss of possible
states (A->A’), denoted by the outer dashed line, and the loss of probable states (B>B’), denoted by the inner
dashed line. Note that the singleton set C does not diminish. Put formally; {C} ¢ B Cc A>{C} Cc B’ C A".

mass) or joint kinematics (e.g. ankle angular displacement) in the analysis, as measurements of these were not
taken. These types of measurements would aid future work in the identification of key mechanisms responsible
for the phenomena observed in this study.

A second limitation is the sampling rate that was used. Data were sampled at 100 Hz over five-seconds,
meaning that there is likely redundancy in the signal. The DFA method is able to accurately estimate the Hurst
exponent with 512 data points!’, but the redundancy may make the data appear to be smoother. When time
series exhibit smooth, nonlinear structure, the DFA method is likely to provide an overestimated scaling value
because the sample has an artificially light-tailed distribution*”. On the other hand, down sampling the data
would make it too short to obtain a valid a value!”. Increasing the data length then might alleviate this issue.
However, this would also lower the contribution of the higher frequency components in the signal to the a value,
which are associated with the balance response to a perturbation. Future research using these methods should
aim to find optimal sampling rates and data lengths which are able to both: (a) obtain valid a values, and (b)
capture the relevant frequency content.

Conclusion

Perturbations and recovery from perturbations are important factors for maintaining upright posture, and
ultimately health. The methods presented were able to distinguish between trials where participants were able
to recover to baseline conditions following a perturbation, and trials where they were not. The main finding of
the present study was that older adults who were not able to recover to their baseline state were less physically
resilient than middle-aged adults and older adult recoverers. Physical resilience is considered to be vitally
important to the health status of older adults®!. Future studies should use these methods to determine physical
resilience in older adults, and aim to discover how that physical resilience is driven by underlying physiological
systems.

Methods

Ethics statement

The protocol of the present study was approved by an Institutional Review Board at the University of
Nebraska Medical Center and complied with the Declaration of Helsinki (IRB Protocol #639-19-EP). Prior to
study involvement, participants provided informed consent. Information about the purpose and procedures
were purposefully withheld during the consent process to avoid the effects of anticipation and intention on
balance performance during perturbation trials. Anticipation and intention have been shown to affect balance
performance in previous literature®*, so blinding of participants was considered to be necessary. After
completion of the study protocols, participants were debriefed about the true nature of the study.

Participants

We recruited a community-based sample of seventy apparently healthy participants from two different age
groups™. Of those participants, one was not able to participate due to contraindications, for a grand total of 69
participants. Thirty-eight middle aged adults between the ages of 40-65 years, and 31 older adults 65 years or
older completed all study protocols. Participants were excluded if they: (a) had lower extremity surgery within
the past year; (b) were diagnosed with a condition that effects balance (e.g. vertigo); (c) used medication that is
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known to affect balance or cause dizziness; (d) were older adults with a Frailty Index for Elders score >4; and/or
(e) were pregnant or breast feeding.

Experimental setup

Participants attended one visit that was approximately two hours long. We asked participants to stand on a force
platform that could move quickly in the anteroposterior direction while they were secured in a safety harness
(sampling rate: 100 Hz; Research Module for the NeuroCom Balance Master’, Natus Medical Inc., Pleasanton,
California). Participants stood barefoot and feet were placed in accordance with the guidance regarding height
from the manufacturer to standardize stance width. Five trials, all one-minute in length, were then administered
to all participants in a randomized order while being video recorded. During each of the five trials the force plate
moved at a constant velocity of 20 cm/s over five different fixed distances. For trial order and randomization see
Table 5. Performance during all trials were recorded using a stationary video camera set on tripod behind the
participant to determine loss of balance.

During all perturbation trials participants were asked to watch a video of a natural scene (e.g. trees in a
forest) on an iPad set at eye level. The purpose of the video was to provide a distraction so they would not think
about their standing balance. No instructions were given regarding the video and no eye tracking was recorded
to quantify how much attention they devoted to it. In between trials, participants were asked to rest for five
minutes during which time they were asked to complete either a questionnaire or a word search. The purpose of
the questionnaire or word search was to keep the participant from thinking about the perturbations. Following
the completion of all trials, participants were debriefed as to the true purpose of the study.

Data analysis

Trials where the participant lost their balance were removed from analysis. To do so, trial performance videos
were analyzed visually, and trials were marked as to whether the participant lost their balance or not. Loss of
balance was defined as either taking a step in any direction, grabbing onto the harness, or placing one’s hands on
the surrounding system to manipulate their center of mass to prevent a fall.

Anteroposterior COP positional data from the 60-second trials were exported from the NeuroCom. Custom
MATLAB (The MathWorks Inc., Natick, Massachusetts) codes were used to mark the perturbation onset and
calculate DFA. The output of DFA, a value, provided a measurement of time series persistence?’. DFA a values
above 0.5 indicated the signal was persistent, while values above 1 indicated the signal was persistent and
unbounded!”. In the present study, lower a values are interpreted as less persistent, and less desirable behavior.
The MATLAB code was written to analyze a window length of 500 data points (five-seconds), then slide one-
second forward, analyze the next five-second window, and complete this process for the first 15 s of each trial
(Fig. 4.). Within the DFA calculation, the code used box sizes from 10 to 62 (the length of the 500 point input
window divided by 8, rounded down), which resulted in a data length of 496 data points being used from the
500 data pointsSG. Then, the average a values from the windows within this time interval were determined, which
served as the baseline a (BA) for each respective trial.

Immediately after the perturbation the same method was used where windows of five-seconds (500 data
points) were analyzed, followed by the window sliding forward one-second and analyzing the next five-second
window. This continued until either; (a) the participant’s DFA a recovered to within two standard deviations of
their BA which was considered their recovery a (RA), or (b) the trial reached sixty seconds and ended, in which
case the last DFA o was considered as the RA. DFA a from the first window immediately after perturbation was
also recorded. Whether or not participants recovered to BA was then determined and individual trials were
marked as either recover or no recover. Recovery indicated that the participant recovered to their BA value
during the trial, while No recovery indicated that the participant was not able to recover to their BA value after
the perturbation.

Statistical analysis

Data from 69 participants were used in the statistical analyses. Before the analysis, the first perturbation trial
was removed for each participant. This was done to remove the potential confounding effect of shock associated
with the first perturbation, as the participants were unaware that the platform would move. Thus, only four trials
from each participant were subjected to statistical analysis. In total, this meant there were 276 samples for the
statistical estimates, or 69 per condition for four conditions.

Order Perturbation | Timing of perturbation
2.54 cm 27s
5.08 cm 16s
Randomized | 7.62 cm 21s
10.16 cm 21s
12.70 cm 18s

Table 5. Perturbation magnitudes and randomization. Trials were conducted in a randomized order. During
each trial the force plate moved backwards a set distance at a set time, timing of perturbation. The timing of

the perturbation was different between trials, and the participant was unaware as to whether the plate would
move during each trial.
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Fig. 4. Representative center of pressure (COP) data during the 2.54 cm condition in the anteroposterior
direction presented in millimeters (left y-axis), with a representation of the detrended fluctuation analysis
(DFA) alpha values (right y-axis) and window sizes as indicated by the orange lines overlayed on the COP
position. The left-most orange line denotes the average baseline alpha value, while the horizontal dashed
lines indicate the 95% confidence interval for the baseline alpha value. The vertical line denotes the timing
of the perturbation, while the X denotes the first post-perturbation window. Orange lines to the right of the
perturbation line indicate alpha values for windows that are the length of each line.

Normality of the data were tested through the Shapiro-Wilk test. If data were found to violate normality, they
were log transformed. If the log transformed data still violated normality, then the original data were inspected
for outliers. Outliers were then removed if they were greater than three standard deviations away from the mean.
Demographic information for sample characterization, was analyzed using descriptive statistics.

A contingency analysis was used to determine the odds of recovering to baseline between age groups (results
provided in Supplementary Fig. S1.).

Three separate three-way factorial mixed-effects ANOVAs with repeated measures were used to test the
effects of three independent variables: (1) age group, (2) perturbation magnitude, and (3) recovery (i.e. recover
or no recover); on three separate dependent variables: (a) BA, (b) a values during the first window after the
perturbation, and (c) RA. The model included an interaction term between Age Group and recovery and
accounted for within participant variability by including participant as a random effect.

The perturbation magnitude was found to have no effect on the outcome variables, so it was removed from
analysis and instead three separate two-way factorial mixed-effects ANOVAs with repeated measures were used
to test the effects of the two remaining independent variables: (1) Age Group and (2) recovery (i.e. recover
or no recover); on the three separate dependent variables: (a) BA, (b) a values during the first window after
the perturbation, and (c) RA. The model included an interaction term between Age Group and recovery and
accounted for within participant variability by including participant as a random effect.

The two-way factorial mixed-effects ANOVA with repeated measures approach accounts for both fixed effects,
representing differences across Age Group, recovery, and random effects, capturing subject-level variability.
The fixed effects included the main effect of the between-subjects factor, which tested for differences in means
across Age Groups, and the main effect of the within-subjects factor, which assesses whether mean responses
differ across recovery. Additionally, the interaction term between Age Group and recovery was used to evaluate
whether changes across recovery depend on Age Group. To model individual differences, random intercepts for
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subjects were included. Fixed effects were estimated using least squares estimation, while random effects were
estimated using restricted maximum likelihood.

The statistical model for a two-way factorial mixed-effects ANOVA with repeated measures can be expressed
as:

Yijry = 1+ ait B+ (@B)y; + Sk+ (BS) ey + € giny

where Y(;;x} is the observed response for subject k, Age Group i, and recovery j, p is the grand mean, o ;
represents the between-subjects effect, 3 ; denotes the within-subjects effect, and (v 8) , ;; is their interaction.
The terms Sk and (B S) ., capture random intercepts and slopes for subjects, respectively, while € (;;1)
represents residual error. Statistical significance was estimated using F-tests for main effects and interactions.
Random effects were estimated through variance components and likelihood ratio tests.

Pairwise comparisons using Tukey’s Honestly Significant Difference (HSD) were conducted as follow-up
tests when a significant result was obtained in the global two-way ANOVA model. Partial n* was calculated to
estimate the effect sizes (results provided in supplemental). A value between 0 and 0.099 was considered small,
between 0.01 and 0.058 was considered medium, and between 0.059 and 0.138 was considered large”. Statistical
analysis was performed using R (R Core Team, 2022), RStudio (Rstudio Team, 2022), the tidyverse package®,
and plots were created with the ggplot2 package®. Significance was set at a=0.05. Per journal guidelines, post-
hoc power sensitivity analyses were conducted using G*Power version 3.1.9.7 (See Supplemental)®’.

Data availability
The datasets generated during and/or analyzed during the current study are available from the corresponding
author on reasonable request.

Received: 9 February 2024; Accepted: 3 March 2025
Published online: 07 March 2025

References

1. Quijoux, F, Nicolai, A., Chairi, I, Bargiotas, L, Ricard, D., Yelnik, A., Oudre, L., Bertin-Hugault, F, Vidal, P.-P,, Vayatis, N., Buffat,
S., & Audiffren, J. (2021). A review of center of pressure (COP) variables to quantify standing balance in elderly people: Algorithms
and open-access code*. Physiological Reports, 9, e15067. https://doi.org/10.14814/phy2.15067.

2. Palmieri, R. M., Ingersoll, C. D., Stone, M. B. & Krause, B. A. Center-of-Pressure parameters used in the assessment of postural
control. J. Sport Rehabilitation. 11, 51-66 (2002).

3. Tokur, D., Grimmer, M. & Seyfarth, A. Review of balance recovery in response to external perturbations during daily activities.
Hum. Mov. Sci. 69, 102546 (2020).

4. Winter, D. Human balance and posture control during standing and walking. Gait Posture. 3, 193-214 (1995).

5. Barton, J. E.,, Roy, A., Sorkin, J. D., Rogers, M. W. & Macko, R. An engineering model of human balance Control—Part I:
Biomechanical model. J. Biomech. Eng. 138, 014502 (2016).

6. Ko, J. H. & Newell, K. M. Aging and the complexity of center of pressure in static and dynamic postural tasks. Neurosci. Lett. 610,
104-109 (2016).

7. Roerdink, M., De Haart, M., Daffertshofer, A., Donker, S. E, Geurts, A. C. H. & Beek, P. ]. Dynamical structure of center-of-
pressure trajectories in patients recovering from stroke. Exp. Brain Res. 174, 256-269 (2006).

8. Collins, J. J. & De Luca, C. J. Open-loop and closed-loop control of posture: A random-walk analysis of center-of-pressure
trajectories. Exp. Brain Res. 95, 308-318 (1993).

9. Gow, B, Peng, C. K., Wayne, P. & Ahn, A. Multiscale entropy analysis of Center-of-Pressure dynamics in human postural control:
methodological considerations. Entropy 17, 7926-7947 (2015).

10. Hernandez, L., Manning, J. & Zhang, S. Voluntary control of breathing affects center of pressure complexity during static standing
in healthy older adults. Gait Posture. 68, 488-493 (2019).

11. Li, Z,, Liang, Y. Y., Wang, L., Sheng, J. & Ma, S. J. Reliability and validity of center of pressure measures for balance assessment in
older adults. J. Phys. Ther. Sci. 28, 1364-1367 (2016).

12. Veronez, S., do Espirito-Santo, C. C., de Azevedo Dantas, A. F. O., Pereira, N. D. & Ilha, J. The use of nonlinear analysis in
understanding postural control: A scoping review. Hum. Mov. Sci. 96, 103246 https://doi.org/10.1016/j.humov.2024.103246
(2024).

13. Kedziorek, J. & Blazkiewicz, M. Nonlinear measures to evaluate upright postural stability: A systematic review. Entropy 22, 1357
(2020).

14. Stergiou, N. (ed.) Nonlinear Analysis for Human Movement Variability. CRC Press, Boca Raton https://doi.org/10.1201/97813153
70651 (2016).

15. Stergiou, N. & Decker, L. M. Human movement variability, nonlinear dynamics, and pathology: is there a connection? Hum. Mov.
Sci. 30, 869-888 (2011).

16. Rosenstein, M. T., Collins, J. ]. & De Luca, C.]. A practical method for calculating largest Lyapunov exponents from small data sets.
Phys. D: Nonlinear Phenom. 65, 117-134 (1993).

17. Peng, C. K., Havlin, S., Stanley, H. E. & Goldberger, A. L. Quantification of scaling exponents and crossover phenomena in
nonstationary heartbeat time series. Chaos 5, 82-87 (1995).

18. Lipsitz, L. A. Dynamics of stability: the physiologic basis of functional health and frailty. Journals Gerontol. Ser. A: Biol. Sci. Med.
Sci. 57, B115-B125 (2002).

19. Lipsitz, L. A. & Goldberger, A. L. Loss of ‘complexity’ and aging. Potential applications of fractals and chaos theory to senescence.
JAMA 267, 1806-1809 (1992).

20. Goldberger, A. L. & West, B. J. Fractals in physiology and medicine. Yale J. Biol. Med. 60, 421-435 (1987).

21. Goldberger, A. L., Rigney, D. R. & West, B. J. Chaos and fractals in human physiology. Sci. Am. 262, 42-49 (1990).

22. Martin, V., Scholz, J. P. & Schéner, G. Redundancy, self-motion, and motor control. Neural Comput. 21, 1371-1414 https://doi.org
/10.1162/nec0.2008.01-08-698 (2009).

23. Deligniéres, D., Ramdani, S., Lemoine, L., Torre, K., Fortes, M. & Ninot, G. Fractal analyses for ‘short” time series: A re-assessment
of classical methods. J. Math. Psychol. 50, 525-544 https://doi.org/10.1016/j.jmp.2006.07.004 (2006).

24. Delignieres, D. & Marmelat, V. Fractal fluctuations and complexity: current debates and future challenges. Crit. Rev. Biomed. Eng.
40, 485-500 (2012).

Scientific Reports |

(2025) 15:7988 | https://doi.org/10.1038/s41598-025-92746-7 nature portfolio


https://doi.org/10.14814/phy2.15067
https://doi.org/10.1016/j.humov.2024.103246
https://doi.org/10.1201/9781315370651
https://doi.org/10.1201/9781315370651
https://doi.org/10.1162/neco.2008.01-08-698
https://doi.org/10.1162/neco.2008.01-08-698
https://doi.org/10.1016/j.jmp.2006.07.004
http://www.nature.com/scientificreports

www.nature.com/scientificreports/

25.

26.

27.

29.

30.

Duarte, M. & Sternad, D. Complexity of human postural control in young and older adults during prolonged standing. Exp. Brain
Res. 191, 265-276 (2008).

Peng, C. K., Buldyrev, S. V., Havlin, S., Simons, M., Stanley, H. E. & Goldberger, A. L. Mosaic organization of DNA nucleotides.
Phys. Rev. E 49, 1685-1689 https://doi.org/10.1103/physreve.49.1685 (1994).

Bryce, R. M. & Sprague, K. B. Revisiting detrended fluctuation analysis. Sci. Rep. 2, 315 (2012).

. Beran, J. Long-range dependence. WIRE Comput. Stat. 2, 26-35 https://doi.org/10.1002/wics.52 (2010).

Zhou, J., Manor, B,, Liu, D, Hu, K., Zhang, J. & Fang, J. The complexity of standing postural control in older adults: A modified
detrended fluctuation analysis based upon the empirical mode decomposition algorithm. PLoS ONE 8, 62585 https://doi.org/10.
1371/journal.pone.0062585 (2013).

Franzke, C. L. E., Graves, T., Watkins, N. W,, Gramacy, R. B. & Hughes, C. Robustness of estimators of long-range dependence and
self-similarity under non-Gaussianity. Philosophical Trans. Royal Soc. A: Math. Phys. Eng. Sci. 370, 1250-1267 (2012).

31. Whitson, H. E. et al. Physical resilience in older adults: systematic review and development of an emerging construct. GERONA
71, 489-495 (2016).

32. Ukraintseva, S., Yashin, A. I. & Arbeev, K. G. Resilience versus robustness in aging. GERONA 71, 1533-1534 (2016).

33. Bowling, C. B., Berkowitz, T. S. Z., Burrows, B. T., Ma, J. E., Whitson, H. E., Smith, B., Crowley, S. D., Wang, V., Maciejewski, M. L.
& Olsen, M. K. Trajectories of physical resilience among older veterans with stage 4 CKD. Am. J. Kidney Dis. 84, 154-163 https://
doi.org/10.1053/j.ajkd.2024.01.529 (2024).

34. Brown, L., Cohen, B., Costello, R., Brazhnik, O. & Galis, Z. Conceptualizing a resilience research framework at the National
institutes of health. Stress Health. 39, 4-9 (2023).

35. National Academies of Sciences, Engineering, and Medicine; Division of Behavioral and Social Sciences and Education; Board on
Behavioral, Cognitive, and Sensory Sciences; Committee on Accelerating Behavioral Science through Ontology Development and
Use. Ontologies in the Behavioral Sciences: Accelerating Research and the Spread of Knowledge. Beatty AS, Kaplan RM, editors.
Washington (DC): National Academies Press (US); 2022 May 17. PMID: 35593779.

36. Den Hartigh, R. J. R, Otten, S., Gruszczynska, Z. M., & Hill, Y. The relation between complexity and resilient motor performance
and the effects of differential learning. Front. Hum. Neurosci., 15, 1-10 (2021).

37. Hardstone, R., Poil, S. S., Schiavone, G., Jansen, R., Nikulin, V. V., Mansvelder, H. D. & Linkenkaer-Hansen, K. Detrended
fluctuation analysis: A scale-free view on neuronal oscillations. Front. Physiol. 3, 450 https://doi.org/10.3389/fphys.2012.00450
(2012).

38. Borg, F. G. & Laxaback, G. Entropy of balance - some recent results. J. Neuroeng. Rehabil. 7, 38 (2010).

39. Jordan, M. I. Motor learning and the degrees of freedom problem. In Attention and Performance XIII (ed. Jeannerod, M.) 796-833
(Psychology Press, 1990).

40. Manor, B. & Lipsitz, L. A. Physiologic complexity and aging: implications for physical function and rehabilitation. Prog.
Neuropsychopharmacol. Biol. Psychiatry. 45, 287-293 (2013).

41. Varadhan, R., Walston, J. D. & Bandeen-Roche, K. Can a link be found between physical resilience and frailty in older adults by
studying dynamical systems? . Am. Geriatr. Soc. 66, 1455-1458 (2018).

42. Hill, Y, Hartigh, D., Meijer, R. J. R,, De Jonge, R. R., Van Yperen, N. W. & P. & The Temporal process of resilience. Sport Exerc.
Perform. Psychol. 7, 363-370 (2018).

43. Chhetri, J. K, Xue, Q. L., Ma, L., Chan, P. & Varadhan, R. Intrinsic capacity as a determinant of physical resilience in older adults.
J. Nutr. Health Aging. 25, 1006-1011 (2021).

44. Bernardes, R. & Baixinho, C. L. A physical resilience conceptual model - contributions to gerontological nursing. Rev. Bras.
Enferm. 71, 2589-2593 (2018).

45. Jones, A. M. The fourth dimension: physiological resilience as an independent determinant of endurance exercise performance. J.
Physiol. 602, 4113-4128 (2024).

46. Whitson, H. E., Duan-Porter, W., Schmader, K., Morey, M., Cohen, H. J. & Col6n-Emeric, C. Response to Ukraintseva et al. Letter:
Resilience Versus Robustness in Aging. J. Gerontol. A Biol. Sci. Med. Sci. 71, 1535-1536 https://doi.org/10.1093/gerona/glw137
(2016).

47. Hill, Y., Morison, M., Westphal, A., Gerwann, S. & Ricca, B. P. When resilience becomes undesirable — A cautionary note. New
Ideas Psychol. 73, 101076 https://doi.org/10.1016/j.newideapsych.2024.101076 (2024).

48. Matentzoglu, N., Goutte-Gattat, D., Tan, S. Z. K., Balhoff, J. P, Carbon, S., Caron, A. R., Duncan, W. D,, Flack, J. E., Haendel, M.,
Harris, N. L., Hogan, W. R., Hoyt, C. T., Jackson, R. C., Kim, H., Kir, H., Larralde, M., McMurry, J. A., Overton, J. A., Peters, B.,
Pilgrim, C., Stefancsik, R., Mc Robb, S., Toro, S., Vasilevsky, N. A., Walls, R., Mungall, C. J., & Osumi-Sutherland, D. Ontology
Development Kit: A toolkit for building, maintaining, and standardizing biomedical ontologies. Database, baac087. https://doi.or
¢/10.1093/database/baac087 (2023).

49. McGuinness, D., Harmelen, E. O. W. L. & Web Ontology Language Overview. The World Wide Web Consortium (2009). https://w
ww.w3.org/TR/owl-features/

50. Iberall, A. S. & McCulloch, W. S. The organization principle of complex living systems. J. Basic Eng. 91, 290-294 https://doi.org/1
0.1115/1.3571099 (1969).

51. Gomez-Mérquez, J. Reflections upon a new definition of life. Sci. Nat. 110, Article 53 (2023).

52. Maki, B. E. & Mcllroy, W. E. Cognitive demands and cortical control of human balance-recovery reactions. 114, 1279-1296 https:
//doi.org/10.1007/s00702-007-0764-y (2007).

53. de Azevedo, A. K. C,, Claudino, R., Souza Conceigao, J., Swarowsky, A., Dos Santos, M. ]. Anticipatory and compensatory postural
adjustments in response to external lateral shoulder perturbations in subjects with Parkinson’s disease. PLoS ONE 11, 0155012
https://doi.org/10.1371/journal.pone.0155012 (2016).

54. Welch, T. D. J. & Ting, L. H. Mechanisms of motor adaptation in reactive balance control. PLoS ONE. 9, €96440 (2014).

55. Garnett, A. & Northwood, M. Recruitment of Community-Based samples: experiences and recommendations for optimizing
success. Can. J. Nurs. Res. 54, 101-111 (2022).

56. Damouras, S., Chang, M. D., Sejdi¢, E. & Chau, T. An empirical examination of detrended fluctuation analysis for gait data. Gait
Posture. 31, 336-340 (2010).

57. Richardson, J. T. E. Eta squared and partial Eta squared as measures of effect size in educational research. Educational Res. Rev. 6,
135-147 (2011).

58. Wickham, H. et al. Welcome To the Tidyverse (Journal of Open Source Software, 2019).

59. Wickham, H. Ggplot2: Elegant Graphics for Data Analysis (Springer-, 2016).

60. Faul, E, Erdfelder, E., Lang, A. G. & Buchner, A. G*Power 3: A flexible statistical power analysis program for the social, behavioral,
and biomedical sciences. 175-191 (2007).

Acknowledgements

The authors would like to acknowledge the Nonlinear Analysis Core at the University of Nebraska at Omaha

for

their assistance in initial data analysis. Authors have no non-financial competing interests to disclose. In

addition, we thank Cosima Case Yentes for her dedication and support, without which this manuscript would
not have been possible.

Scientific Reports | (2025) 15:7988

| https://doi.org/10.1038/s41598-025-92746-7 nature portfolio


https://doi.org/10.1103/physreve.49.1685
https://doi.org/10.1002/wics.52
https://doi.org/10.1371/journal.pone.0062585
https://doi.org/10.1371/journal.pone.0062585
https://doi.org/10.1053/j.ajkd.2024.01.529
https://doi.org/10.1053/j.ajkd.2024.01.529
https://doi.org/10.3389/fphys.2012.00450
https://doi.org/10.1093/gerona/glw137
https://doi.org/10.1016/j.newideapsych.2024.101076
https://doi.org/10.1093/database/baac087
https://doi.org/10.1093/database/baac087
https://www.w3.org/TR/owl-features/
https://www.w3.org/TR/owl-features/
https://doi.org/10.1115/1.3571099
https://doi.org/10.1115/1.3571099
https://doi.org/10.1007/s00702-007-0764-y
https://doi.org/10.1007/s00702-007-0764-y
https://doi.org/10.1371/journal.pone.0155012
http://www.nature.com/scientificreports

www.nature.com/scientificreports/

Author contributions

Conceptualization: JY, DV, JB; Methodology: JY, HJH; Formal analysis and investigation: JY, JM; Writing - origi-
nal draft preparation: JM; Writing - review and editing: JM, JY; Funding acquisition: JY, DV, JB; Resources: HJH;
Supervision: JY.

Funding
This study was funded by the University of Nebraska Science, Engineering, and Medicine grant (PIs: J]MY, JBB,
and DV).

Declarations

Competing interests
The authors declare no competing interests.

Ethical approval

All procedures performed in studies involving human participants were in accordance with the ethical
standards of the institutional research committee and with the 1964 Helsinki Declaration and its later
amendments or comparable ethical standards.

Statement of human rights
The study was approved by the Institutional Review Board at the University of Nebraska Medical Center (IRB
Protocol #639-19-EP).

Informed consent
Informed consent was obtained from all individual participants included in the study.

Additional information
Supplementary Information The online version contains supplementary material available at https://doi.org/1
0.1038/s41598-025-92746-7.

Correspondence and requests for materials should be addressed to J.M.Y.
Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives
4.0 International License, which permits any non-commercial use, sharing, distribution and reproduction in
any medium or format, as long as you give appropriate credit to the original author(s) and the source, provide
a link to the Creative Commons licence, and indicate if you modified the licensed material. You do not have
permission under this licence to share adapted material derived from this article or parts of it. The images or
other third party material in this article are included in the article’s Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in the article’s Creative Commons licence
and your intended use is not permitted by statutory regulation or exceeds the permitted use, you will need to
obtain permission directly from the copyright holder. To view a copy of this licence, visit http://creativecommo
ns.org/licenses/by-nc-nd/4.0/.

© The Author(s) 2025

Scientific Reports |

(2025) 15:7988 | https://doi.org/10.1038/s41598-025-92746-7 nature portfolio


https://doi.org/10.1038/s41598-025-92746-7
https://doi.org/10.1038/s41598-025-92746-7
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://www.nature.com/scientificreports

	﻿Defining the concept of physical resilience and quantifying recovery during standing balance in middle-aged and older adults
	﻿Results
	﻿Discussion
	﻿Defining physical resilience

	﻿Future directions
	﻿Limitations
	﻿Conclusion
	﻿Methods
	﻿Ethics statement
	﻿Participants
	﻿Experimental setup
	﻿Data analysis
	﻿Statistical analysis

	﻿References


