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The objective of this study was to establish a quantitative balance assessment model for older
adults by integrating high-frequency force platform sensor data with grey relational analysis to
evaluate morphological similarity. Utilizing a 1000 Hz sampling rate, we extracted seven
temporal and five weight-related balance factors during sit-to-stand tasks. Data were collected
from 60 participants, including 22 healthy young adults—serving as a normative baseline—and
38 older adults. On the basis of these seven time factors, five weight factors, and clinical
indicators derived from the Berg Balance Scale and body mass index, three 2D balance
assessment standards were formulated, subsequently leading to the derivation of a comprehensive
3D assessment norm. This 3D assessment norm visualizes individual balance performance
through specific functional quadrants and may help identify possible compensatory adaptations
and functional differences that traditional scales may overlook. The results suggest that the
proposed 3D assessment norm provides a standardized visual platform for characterizing
individual balance performance and may support future validation-oriented studies and Al-
assisted support systems.

1. Introduction

Population aging has emerged as a significant global demographic phenomenon with
projections indicating that the world’s population will reach 9.7 billion by 2050. This
demographic shift presents unprecedented challenges to healthcare systems, particularly
regarding fall-related injuries among older adults.(!) Statistics reveal that fatal falls incur direct
medical expenses exceeding $50 billion annually, while nonfatal falls account for hundreds of
millions in additional healthcare costs.?) Beyond the economic burden, falls often result in
severe fractures and head injuries, leading to a “vicious cycle” of bed confinement, organ
failure, and high mortality rates. Consequently, maintaining postural balance is not merely a
functional requirement but a critical factor in preserving independence in the aging population.

In clinical settings, observational performance tests such as the Berg balance scale (BBS) and
the Tinetti Gait and Balance Assessment remain the primary tools for fall risk screening.34
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However, these tools are often criticized for their inherent subjectivity and the “ceiling effect”.®)
High-functioning older adults may receive identical scores despite adopting different strategies
to maintain stability.© Traditional scales often fail to capture subtle biomechanical differences
during complex movements, leading to limited sensitivity in detecting early functional
changes.(”) To address these limitations, objective assessments using high-frequency force
platform data have become important for quantifying balance performance beyond simple visual
observation.

Among various functional movements, the sit-to-stand (STS) task is recognized as one of the
most demanding transitions for older adults, requiring the precise coordination of temporal and
force-related variables.®) While the analysis of STS performance has attempted in previous
sensor-based studies, many rely on isolated parameters such as total duration or peak force. Such
simplified metrics often overlook the intricate relationship between phase-specific timing and
the magnitude of force distribution.”) A comprehensive understanding of balance strategies
requires a multidimensional analysis of factors captured at high sampling rates (e.g., 1000 Hz) to
ensure the reliability of the derived physiological characteristics.(1?)

To address the complexity of multifactor balance data, in this study, we introduce grey
relational analysis (GRA) as a reference-based evaluation framework. GRA 1is suitable for
analyzing biological signals that exhibit high inter-individual variability and uncertainty.(') The
methodological core of this research involves a hierarchical formulation of balance standards: by
extracting seven temporal factors and five weight-related factors, three distinct 2D balance
assessment standards were first established. These 2D standards were subsequently integrated to
derive a comprehensive 3D assessment norm. By mapping 60 participants—38 older adults and
22 healthy young adults—into this 3D functional space, we provide a visual framework for
characterizing individual functional differences in balance-related performance. This approach
may help improve the interpretation of functional differences and provide a basis for future
assessment-oriented applications.

2. Methods
2.1 Participants

A total of 60 participants were enrolled in this study, consisting of a healthy young group (n =
22) and an older adult group (n = 38). All participants provided written informed consent before
the experiment, and the study protocol was conducted in accordance with the ethical standards
of the local Institutional Review Board.

The healthy young group, serving as the normative baseline, comprised university students
with no history of musculoskeletal or balance impairments. For the older adult group, a total of
62 individuals aged 65 or older were initially recruited from local community centers. To ensure
the integrity of the high-frequency (1000 Hz) sensor data and the robustness of the 3D assessment
norm, a rigorous screening process was implemented. As a result, 24 participants were excluded
on the basis of the following criteria: (1) inability to maintain a stable standing posture before
starting the STS movement (n = 11); (2) technical errors or signal clipping in the force platform



Sensors and Materials, Vol. 38, No. 6 (2026) 3289

data during high-speed sampling (n = 8); and (3) incomplete clinical assessment records, such as
BBS or body mass index (BMI) data (n = 5).

Consequently, 38 qualified older adult participants (average age 70.4 + 4.3 years) were
finalized for analysis. The demographic and clinical characteristics of all the participants,
including age, height, weight, BMI, and BBS scores, were also documented.

2.2 Experimental setup and instrumentation

Vertical ground reaction forces (VGRFs) were measured using two high-precision 500 x 500
mm force platforms (accuracy: 0.20 N), each integrated with four strain-gauge load cells. To
ensure postural stability and ergonomic consistency across a diverse range of participants (38
older adults and 22 young adults), a customized ergonomic chair was developed on the basis of
American National Standards Institute (ANSI) and Chinese National (GB) Standards.

Following ANSI guidelines, the seat plane was inclined 4° backward, with a 100° angle
maintained between the seat and backrest. The seat featured a width of 45 cm and a depth of 40
cm, with an adjustable height ranging from 32 to 46 cm to accommodate the individual
anthropometric variations of the participants as per GB standards.

The VGREF signals from the platforms were defined as the force applied to the ground or
chair during the transition. These signals were captured and processed using a 16-bit analog-to-
digital (A/D) converter (NI PCI-6220, National Instruments) combined with multichannel signal
amplifiers. Data were simultaneously recorded on a PC at a high sampling frequency of 1000
Hz, providing the necessary temporal resolution for the subsequent multifactor GRA.

2.3 Measurements

VGRFs were characterized by two primary curves: curve B for the force applied through the
buttocks and curve L for that through the legs. Curve T was derived as the sum of B and L,
representing the total body force during the STS transition. To ensure signal reliability and
temporal resolution, data were sampled at 1000 Hz and subsequently smoothed using a
symmetric 100-point moving average filter (100 ms window) to suppress high-frequency
electrical noise while preserving the morphological integrity of the VGRF curves prior to
quantitative analysis.

The critical events of the STS maneuver were identified as follows: the onsets (B,, L, T,) were
defined as the first nonzero difference from the baseline after the action cue. Seat-off was
precisely defined as the point where curve B reached zero (B,), indicating the moment of loss of
contact with the chair. The peak and lowest forces (7}, L,, T,,,» L) were captured during the
transition, and the STS task was considered complete when curve T equaled the participant’s
body weight. By calculating the time intervals between these sequential events and extracting
the specific force magnitudes, 12 core biomechanical factors—consisting of seven temporal and
five weight-related measures—were extracted for subsequent analysis. Additionally, clinical
parameters including the BBS and BMI were integrated to provide a comprehensive functional
profile, as detailed in Table 1. As illustrated in Fig. 1, the VGRF curves (B, L, and 7T) and key

points (By, 7,, and seat-off) were defined to extract temporal and weight-related factors.
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Table 1
Time, weight, and other balance factors.
Category No. Factor Explanation
1 B,—-T, Duration between B, and T,
2 By—-L, Duration between By and L,
3 By — seat-off Duration between B, and seat-off
Time factors 4 B;—end Duration between By and end
5 T,- L, Duration between 7, and L,
6 T, — seat-off Duration between 7, and seat-off’
7 L, — seat-off Duration between L, and seat-off’
1 Tpw Maximum ground reaction force of Curve T
2 Lpw Maximum ground reaction force of Curve L
Weight factors 3 Tninw Minimum body force during the ascending phase
4 Tow — Tninw Force difference between T, and Ty
5 Low — Tninw Force difference between L,,, and Tyinw
. 1 BBS Berg Balance Scale score
Additional factors 2 BMI Body Mass Index value
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Fig. 1.  GRF parameters and time course of STS movement.

2.4 GRA application

In accordance with the grey system theory, GRA is employed for system modeling under
uncertainty, relational analysis, and decision-making, and has been applied in engineering
optimization.(!>!13) In this study, GRA was used to normalize biomechanical parameters and
establish a relationship between the discrete sequences of the older adult group (n = 38) and the
healthy young reference group (n = 22). The primary objective of this transformation was to
characterize relational structure within the high-frequency force platform data and to reduce the
effect of scale differences across variables.!¥) In this study, the analytical role of GRA was to
evaluate the morphological similarity of sequence curves between each participant and the
reference group. By characterizing the dynamic “trends” and “shapes” of movement-related
data, GRA provides a reference-based framework for examining subtle functional variations and
possible compensatory adaptations in older adults.



Sensors and Materials, Vol. 38, No. 6 (2026) 3291

To improve comparability across variables with different units, all raw factors were subjected
to a dimensionless normalization process prior to calculating the GRA grades, allowing time,
weight-related, and clinical variables to be compared within the same GRA framework. The
mathematical procedure is described as follows.

(1) Definition of GRA Space:
In GRA space, the set of sequences is denoted by X, where each sequence is expressed as
x;=(x;(1), x,(2), ..., xi(k)), withi=0,1,2,..,mand k=1, 2, ..., n €N, where

% = (2(10,%(2),x,3),.., %, (k). M

According to grey system theory, one sequence is selected as the reference sequence, whereas
the remaining sequences are treated as comparison sequences. In this study, Nagai’s GRA grade
was used, as shown in Eq. (2).(19)

(2) Calculation of Nagai’s GRA Grade:

Ty = Dy (), x; (k) = W’ Roi = |2 [Aai 0] ®)

 Pmin. k=1

wherei=0,1,2,....m k=1,2,...,n
X, is standard sequence, x; are comparison sequences.
Ay, = ||x0 (k)—x; (k)”: norm between x, and x;. A, :
mean of A,.

(3) Determination of Maximum and Minimum Differences:

A= Y K63, (0
Anas. = Y k(0= x; ()

2.5 Establishment of reference sequences for numerical analysis

To implement the multifactor GRA, a standard reference sequence (x,) must be established
for each of the three assessment dimensions: time factors, weight-related factors, and clinical
indicators (BBS and BMI). In this study, the reference sequences represent the normative
baseline derived from the average performance of the healthy younger group (n = 22).

The reference sequence for each factor k is calculated as the arithmetic mean of the younger
participants’ data, as shown in Eq. (4).
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N
D x;(k)

xo(k)==—— ~ “)

Here, N = 22 denotes the total number of healthy younger adults, and x;(k) represents the k-th
factor value of the i-th younger participant.

The numerical analysis was conducted across three distinct categories.

(1) Time Factors: A standard sequence was established by averaging the seven temporal
performance factors of the healthy group.

(2) Weight Factors: Similarly, a reference sequence was obtained using the average of the five
weight-shifting factors.

(3) BBS & BMI Factors: The normative baseline for clinical performance was derived from the
average BBS and BMI values of the healthy reference group.(1®)

In the present framework, the young-group mean values were used to construct the reference
sequences for GRA calculation, whereas the minimum GRA grades observed within the young
group were used as conservative lower-bound criteria for visual classification. These reference
sequences serve as the reference coordinates in the GRA space, against which the 38 older adult
participants are compared to derive their respective relational grades across the three dimensions.

3. Results
3.1 Participant characteristics

The health records of community center residents were reviewed to identify suitable
participants for the older adult group. Two physical therapists administered clinical assessments,
including the BBS, Barthel Index (BI), Instrumental Activities of Daily Living (/4DL) scale, and
Mini-Mental Status Examination (MMSE), to ensure participants possessed sufficient cognitive
and physical function for the experiment.

As detailed in Sect. 2.1, 38 older adult participants (average age 70.4 + 4.3 years) were
recruited from an initial pool of 62 candidates based on the following cutoff scores: BBS > 41, BI
> 60, MMSE > 17, and IADL > 7. In contrast, the healthy young group (n = 22, mean age 19.7 +
0.8 years) achieved maximal scores across all clinical balance and cognitive assessments. Table
2 provides a comprehensive overview of the demographic and clinical characteristics of all 60
participants.

3.2 Establishment of reference lower-bound GRA values
Using the healthy young group as the reference baseline, we calculated the relational grades

for time factors, weight factors, and BBS/BMI factors for all the participants. For the visual
classification of balance-related performance in older adults, a conservative lower-bound
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Table 2
Demographic and clinical characteristics of participants.
Characteristic Older adults (n = 38) Healthy adults (n = 22)
Male 16 11
Gender Female 2 11
Age (yr) 70.4+£4.3 19.7£0.8
. Height (cm) 156.6 + 8.7 161.9 £ 9.5
Anthropometrics Weight (kg) 62.3+11.8 577+98
BMI (kg/m?) 25.6+5.0 219£19
BBS (score) 46.3+3.3 56.0+0.0
Clinical assessments BI (score) 952+3.6 100.0 £ 0.0
MMSE (score) 29.6+ 1.0 30.0+0.0
IADL (score) 7.6 +0.5 8.0+0.0

criterion was established for each dimension in this study on the basis of the minimum GRA
grades observed within the healthy young group. The results showed that the reference lower-
bound GRA grade for time factors among healthy adults was 0.9623. In comparison, a substantial
portion of the older adult participants exhibited values below this threshold, suggesting reduced
movement efficiency. Similarly, the corresponding reference lower-bound values were 0.7999 for
weight factors and 0.8856 for the clinical BBS/BMI factor. These distributions across the time,
weight, and BBS/BMI dimensions [shown in Figs. 2(a)—2(c)] provide the basis for the subsequent
3D assessment norm. The individual GRA grades for all participants are presented in Table 3.

4. Discussion

In this study, we utilized a high-frequency (1000 Hz) force platform system to quantify
biomechanical characteristics during the STS transition.(!”) An important methodological feature
of this research is the inclusion of a healthy younger group (n = 22) as a reference baseline.!®)
Through GRA, the performance of each older participant was quantified as a relational grade,
representing similarity to the reference performance of the healthy young group. A higher GRA
grade (closer to 1.0) may be interpreted as indicating greater similarity to the reference values
derived from the healthy young group.

4.1 Interaction between time and weight factors

The interaction between temporal efficiency and weight-shifting power defines four
biomechanical clusters based on the GRA thresholds (0.9623 for time and 0.7999 for weight), as
illustrated in Fig. 3 and Table 4. Area I (13.2%, 5/38) represents the reference-like cluster, where
older adult participants maintain GRA grades closest to the younger benchmark, suggesting
relatively preserved neuromuscular coordination.!”) Area II (10.5%, 4/38) represents
“Momentum Seekers”, who maintain higher temporal efficiency (time > 0.9623) despite reduced
weight-shifting power (weight < 0.7999), which may reflect greater reliance on momentum
during seat-off. Area III (26.3%, 10/38) identifies the “Dual-Deficit Group,” characterized by
concurrent reductions in both temporal efficiency and weight-shifting power (time < 0.9623 and
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Fig. 2.  (Color online) Categorical scatter plots of GRA grade distributions for (a) time factor, (b) weight factor, and

(c) BBS/BMI factor. The y-axis indicates participant group (categorical; no quantitative scale); points are vertically
jittered for readability. Dashed vertical lines represent the young (healthy) lower limits (time = 0.9623, weight =
0.7999, BBS/BMI = 0.8856).

Table 3
GRA grades for each participant. Columns report the GRA grades of time, weight, and BBS/BMI factors (0—1).

Healthy adults (n = 22)

Older adults (n = 38)

ID Time  Weight BBS/BMI ID  Time  Weight BBS/BMI ID Time  Weight BBS/BMI
1 09883 09386  0.9681 23 07570  0.6803  0.3245 42 07874 0.8810  0.3830
2 09808 09695 0.9974 24 09676 0.8647  0.6808 43 0.8655 0.7978  0.5585
3 09781 09515  0.9389 25 09556  0.8203  0.6755 44 07114  0.6923  0.5293
4 09623 09462  0.9681 26 09600 0.8216  0.3245 45 09752  0.8251  0.9125
5 09837 09638  0.9389 27 09733 0.7008  0.7393 46 09685 0.8842  0.8950
6 09885 0.8221  0.9681 28 0.8888  0.8345  0.5585 47 0.8542  0.8922  0.7345
7 09842 09630 0.9974 29 09742 0.5937  0.7393 48 09123  0.8455  0.6212
8 09715 0.9660  0.9389 30 0.8366 0.8315  0.5585 49 07845 09121  0.5528
9 09864 0.8750 0.8856 31  0.4404 0.6366  0.6463 50 0.8867 0.8334  0.6852
10 09917 0.8755  0.9974 32 0.8986  0.7728  0.5000 51 0.8231 0.8762  0.5124
11 09780 0.8858  0.8856 33 0.7199  0.8501 0.6223 5209412  0.8055  0.7825
1209790 09150  0.9974 34 0.7893  0.8870  0.4415 53 0.8655 0.8211  0.6958
13 09730 0.8472  0.9734 35 07156 0.8712  0.5585 54 0.8998 09234 0.7123
14 09781 09120  0.9681 36 0.9061 0.8759  0.9096 55 07123 0.7245  0.3255
15 09903 0.8618  0.9681 37 0.7784 0.8123  0.5585 56 0.6844 0.6512  0.1458
16 09750 0.8504  0.9974 38 09283 0.8138  0.7341 57 0.7955 0.7544  0.4421
17 09842 0.7999  0.9149 39 09957 09073  0.8271 58 07422 07112 0.3845
18  0.9869 0.8157  0.9681 40 09700 0.9238  0.7926 59 09755 0.7321  0.5218
19 09919 09714  0.9681 41 0.8560 0.7301 0.1489 60 09682 0.7845  0.5582

20 09890 09440  0.9389

21 09852  0.8923  0.9441

2209841 0.9520  0.9149
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Table 4

Proportion of each group in the GRA grade distribution areas.

Areas Older adults (n = 38) Healthy adults (n = 22)
I 5 (13.2%) 22 (100.0%)

11 4 (10.5%) 0 (0.0%)

11 10 (26.3%) 0 (0.0%)

v 19 (50.0%) 0 (0.0%)

Note: Quadrant numbering follows the standard Cartesian convention in Fig. 3: Area I (weight >
0.7999, time > 0.9623), Area II (weight < 0.7999, time > 0.9623), Area 11 (weight < 0.7999, time <
0.9623), and Area IV (weight > 0.7999, time < 0.9623).

weight < 0.7999) relative to the younger benchmark.?? Finally, Area IV (50.0%, 19/38)
represents “Stable Compensators”. While these individuals maintain weight-shifting capability
comparable to the younger norm (weight > 0.7999), they show lower temporal efficiency (time <
0.9623). This profile suggests a “slow-but-stable” strategy in which movement speed is reduced
to prioritize postural stability.(2)

4.2 Correlation of time efficiency with clinical indicators

The cross-analysis between movement speed and integrated clinical indicators (BBS/BMI)
illustrates the limited sensitivity of traditional metrics in distinguishing multidimensional
functional differences (Fig. 4, Table 5).* Using the healthy lower limits as thresholds (time =
0.9623; BBS/BMI = 0.8856), we categorized older adult participants into four areas. Area |
represents the reference-like quadrant; however, only 5.3% (2/38) of older adults fell into this
quadrant, suggesting that the concurrent maintenance of high temporal efficiency and high
clinical stability is relatively uncommon in aging.> Area II accounts for 2.6% (1/38) and
reflects a “clinically preserved but slower” profile, in which clinical indicators remain near the
younger reference range while temporal efficiency is reduced. In contrast, Area III contains the
majority of older adult participants (73.7%, 28/38), suggesting concurrent reductions in both
temporal efficiency and BBS/BMI-related clinical stability.>* Interestingly, 18.4% (7/38) of older
adults are located in Area IV, suggesting that some individuals may preserve faster execution
despite reduced clinical stability, possibly relying, to a greater extent, on momentum-related
strategies to complete the transition.(>)

4.3 Impact of weight-shifting power on functional performance

The relationship between weight-shifting power and integrated clinical indicators (BBS/BMI)
provides further insight into multidimensional functional differences (Fig. 5, Table 6).2¢)
Findings from Area I (7.9%, 3/38) suggest that only a small subset of older adults maintain
weight-shifting capability comparable to the younger benchmark while also retaining high
clinical stability. Interestingly, the absence of participants in Area II (0.0%) suggests that the
combination of high BBS/BMI-related clinical stability and reduced weight-shifting power is
uncommon in the present sample. Area III (36.8%, 14/38) represents a group characterized by
concurrent reductions in both weight-shifting capability and clinical stability.??) In contrast, the
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Table 5

Proportion of each group in the GRA grade distribution areas.

Areas Older adults (n = 38) Healthy adults (n = 22)
1 2 (5.3%) 22 (100.0%)

1I 1 (2.6%) 0 (0.0%)

111 28 (73.7%) 0 (0.0%)

v 7 (18.4%) 0 (0.0%)

Note: Quadrant numbering follows the standard Cartesian convention in Fig. 4: Area I (time >
0.9623, BBS/BMI > 0.8856), Area II (time < 0.9623, BBS/BMI > 0.8856), Area III (time < 0.9623,
BBS/BMI < 0.8856), and Area IV (time > 0.9623, BBS/BMI < 0.8856).
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Fig. 5. (Color online) GRA grade distribution areas as a function of weight factors and BBS & BMI factors.

majority of older adults are located in Area IV (55.3%, 21/38), representing a relatively weight-
preserved profile—individuals who retain comparatively high weight-shifting capability despite
reduced clinical stability, which may reflect compensation through nonclinical movement
strategies.
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Table 6

Proportion of each group in the GRA grade distribution areas.

Areas Older adults (n = 38) Healthy adults (n = 22)
I 3 (7.9%) 22 (100.0%)

11 0 (0.0%) 0 (0.0%)

11 14 (36.8%) 0 (0.0%)

v 21 (55.3%) 0 (0.0%)

Note: Quadrant numbering follows the standard Cartesian convention in Fig. 5: Area I (weight
> 0.7999, BBS/BMI > 0.8856), Area II (weight < 0.7999, BBS/BMI > 0.8856), Area III (weight <
0.7999, BBS/BMI < 0.8856), and Area IV (weight > 0.7999, BBS/BMI < 0.8856).

4.4 Synthesis: 3D assessment norm as an integrative visual framework

The culmination of this research is the establishment of the Comprehensive 3D Graph of
GRA grade distribution (Fig. 6), which serves as a multidimensional visual representation. As
age progresses, the balance system of older adults may decline, posing significant challenges to
maintaining postural stability and increasing the risk of traumatic injuries. While the results of
previous 2D analyses provided essential insights into specific interactions (e.g., time vs. weight),
they occasionally revealed overlapping performance ranges between certain older adult
participants and the healthy young group, suggesting an apparent similarity in behavioral
performance. However, as visualized in Fig. 6, the transition to a 3D space helps distinguish
functional differences that are less apparent in lower-dimensional views.2®) For instance, in the
2D projection (time vs BBS/BMI), Participants 27 and 29 appear indistinguishable owing to
identical clinical scores (0.7393) and nearly identical temporal grades (0.9733 vs 0.9742).
However, they are clearly separable when the weight dimension is also considered (0.7008 vs
0.5937), suggesting that the 3D model may reveal functional differences that are less apparent in
lower-dimensional assessments.

In the 3D functional space, the healthy young group forms a tight, high-performance
reference cluster near the GRA coordinates of (1.0, 1.0, 1.0). This spatial distribution reflects the
use of healthy young adults as the reference sequence in the present framework. In contrast, the
38 older adult participants are widely dispersed, suggesting heterogencous age-related
performance characteristics. This spatial dispersion may reflect variations in specific factor
declines and possible compensatory adaptations—where one individual may drift as a result of
temporal lags, and another may drift owing to force-shifting deficits. This visual distribution is
consistent with the clinical concern regarding the lack of awareness among older adults; many
may not readily perceive subtle changes in their own balance performance until functional
decline becomes more evident.??) By providing a standardized 3D visual platform, this model
may serve as a “conceptual digital mirror,” allowing both clinicians and older adults to more
intuitively perceive the degree of functional drift from the healthy young reference baseline,
thereby recognizing biomechanical differences that conventional observational scales might
overlook and helping to inform future individualized assessment and movement-support
strategies for fall prevention.3?)

Furthermore, the utilization of this 3D GRA distribution mechanism may offer advantages
for future clinical scalability. By employing advanced mathematical techniques such as
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Euclidean distance from the high-performance reference cluster or multifactor regression
analyses, it may be possible to estimate a relative “functional age” of a participant and further
refine the assessment standards.®") This approach may extend the framework beyond simple
screening toward more individualized assessment and intervention planning, in which targeted
strategies—such as reaction-time training or explosive power exercises—could be revealed by a
participant’s specific coordinates in the 3D space. Ultimately, this 3D assessment norm
contributes to a more comprehensive understanding of geriatric balance and may provide a basis
for the future integration of high-frequency sensors into Al-assisted smart home health
monitoring and personalized fall-prevention systems.

5. Conclusions

In this study, we developed a reference-based 3D assessment norm for characterizing
geriatric balance by integrating high-frequency (1000 Hz) force platform data with clinical
parameters, including the BBS and BMI. By extracting 12 core biomechanical factors across
temporal and weight-related dimensions and combining them with clinical indicators, the
proposed model provides an interpretable multidimensional framework that may help address
some limitations of traditional assessments, including their limited sensitivity to subtle
functional differences. The findings suggest that older adults may exhibit different balance-
related performance characteristics, including possible compensatory adaptations such as a
relatively “slow-but-stable” profile identified through the joint consideration of temporal
efficiency and clinical stability. The 3D visualization of these individual functional profiles—
linking sensor-derived data with clinical profiles—may serve as a “conceptual digital mirror”
that helps distinguish differences less apparent in lower-dimensional views. Ultimately, the
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findings of this research will contribute to a more comprehensive understanding of geriatric
balance and may provide a basis for future rehabilitation-oriented assessment and for the
development of Al-assisted, multidimensional health monitoring systems for the aging
population. Future longitudinal studies should include a further examination of the relationship
between this 3D framework and external dynamic clinical measures, as well as fall-related
outcomes, in order to refine its interpretability and potential clinical applicability.
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