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ABSTRACT
Entropy may play an underappreciated role in human aging, such as in skeletal muscle functional declines. Histologically, mus-
cle appears increasingly disorganized with aging, with greater fiber size variability and fiber-type grouping. We tested the hy-
pothesis that entropy is associated with reduced physical performance and muscle function, independent of muscle mass. We 
quantified a homeostatic dysregulation index of muscle (HDIM) as a proxy for entropy of muscle fiber disorganization based on 
cross-sectional images of vastus lateralis biopsies from 299 adults age 70 or older. HDIM was derived from three traits: fiber area 
diversity, fiber-type heterogeneity, and the mean of the shortest path lengths through adjacent fiber networks. HDIM derived from 
muscle fibers was highly correlated with Shannon entropy, a different measure of entropy of muscle fiber traits. Higher HDIM de-
rived from participants was associated with slower 400-m walk speed, lower peak VO2, muscle power, and decreased maximum 
rate of oxidative phosphorylation by mitochondria in muscle. These findings suggest that muscle fibers accumulate entropy with 
aging which contributes to decline in physical performance, muscle power, and mitochondrial energetics, advancing the entropy 
framework in aging research.

1   |   Introduction

The second law of thermodynamics specifies that chemical and 
physical structures become increasingly disorganized with time 
(Clausius 1865; Bortz 1986; Hershey and Lee 1987). At the bio-
chemical level, such entropy in biological tissues arises from 
the random and irreversible rearrangement of molecules (e.g., 

protein aggregation) that disrupt the original structure and 
function (Pohl et  al.  2012). Over time, these molecular disor-
ders accumulate, undermining cellular and tissue organization 
and contributing to broader biological dysfunction (Gladyshev 
et  al.  2021). Several cohorts have found associations between 
entropy, quantified by measurement of variability in the devi-
ation from normal values in multiple blood chemistry markers, 
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increased with age and predict adverse health outcomes in-
cluding mortality, frailty, diabetes, and cardiovascular disease 
(Cohen et al. 2013, 2014; Li et al. 2015). The most common meth-
ods employed for quantifying entropy have been the homeostatic 
dysregulation index based on multivariable Mahalanobis dis-
tance and Shannon's information entropy (Mahalanobis  2018; 
Shannon 1948). It is unknown if these approaches are equivalent.

The arrangement of skeletal muscle fibers becomes disorganized 
with aging (Frontera et  al.  2000, 2008; Kedlian et  al.  2024). 
We postulate that the disordered structure is due to increas-
ing entropy with aging. This possibility has not been studied. 
Furthermore, it is not known if increasing muscle entropy with 
aging is related to decreased skeletal muscle function and phys-
ical performance.

We used data and histology images from biopsies of the vastus 
lateralis in the Study of Muscle, Mobility and Aging (SOMMA), a 
cohort of community-dwelling individuals age 70 years or older. 
We tested the hypothesis that greater entropy in the histologic 
characteristics of skeletal muscle fibers is associated with poorer 
performance on tests that involve muscle function, including 
400-m walk time, muscle power, peak oxygen uptake during 
cardiopulmonary exercise testing, short physical performance 
battery (SPPB), and mitochondrial energetics including maxi-
mal oxidative phosphorylation and ATP production in muscle 
mitochondria. We quantified entropy from fiber size diversity, 
fiber-type heterogeneity, and spatial connectivity across fiber 
network. We also quantified Shannon Information entropy de-
rived from variation of fiber size and tested its correlation with 
entropy quantified by the homeostatic dysregulation index.

2   |   Materials and Methods

2.1   |   Study Participants

SOMMA is a prospective cohort study of 879 participants aged 70 or 
older who were enrolled by field centers at University of Pittsburgh 
and Wake Forest University School of Medicine, from April 2019 
to December 2021 (Cummings et  al.  2023). The study was ap-
proved by the Western Institutional Review Board (20180764) and 
written informed consents were obtained from all participants. 
Individuals were excluded if they had any of the following: inabil-
ity to walk ¼ mile or climb a flight of stairs, had BMI ≥ 40 kg/m2, 
a current malignancy, or advanced chronic illnesses (e.g., severe 
cardiac or pulmonary conditions that impair walking ability, end-
stage renal disease requiring dialysis, Parkinson's disease, or de-
mentia). Individuals were excluded if they had a contraindication 
to having a muscle biopsy including taking anticoagulants, or a 
contraindication to Magnetic Resonance Spectroscopy including 
having ferrous metal-containing implants.

2.2   |   Skeletal Muscle Biopsy, Sample Preparation, 
and Staining

Immunolabeling of myosin heavy chains (MHCs) to identify 
fiber types and muscle fiber morphology was performed in 
muscle cross-sections cut from histology blocks of vastus lat-
eralis muscle from 299 SOMMA participants who had muscle 

tissue with staining for histology. It is a convenient sample of 
the first participants to have adequate histology preparations. 
Briefly, 10 μm muscle cross-sections were cut on a cryostat at 
−20°C, air-dried for 5 min, and rinsed in PBST (0.05% Tween 20 
in phosphate-buffered saline). Slides were blocked in 10% goat 
serum in PBS for 1 h at room temperature, rinsed in PBST, and 
then incubated for 2 h at room temperature with a primary anti-
body against laminin (MAB1914P Millipore; 1:100) and primary 
MHC antibodies from the Developmental Studies Hybridoma 
Bank against BA-F8 (type I MHC; 1:50), SC-71 (type IIA; 1:500), 
and 6H1 (type IIX MHC; 1:25). Slides were washed three times 
for 10 min in PBS, allowed to dry, and then mounted with fluo-
rescence mounting medium (Dako). Slides were kept at 4°C in 
the dark until they were imaged.

2.3   |   Muscle Fiber Segmentation, Fiber Typing, 
and Network Generation

Skeletal muscle histological sections stained for MHC isoforms 
were imaged using a fluorescence microscope (Olympus IX81) 
with a 20× objective (200× total magnification). Images were 
processed using Cellpose, a generalist algorithm for cellular 
segmentation, pretrained on cytoplasmic and tissue datasets 
(Stringer et al. 2021). A channel-based postprocessing strategy 
was subsequently applied to optimize segmentation of muscle 
fibers, as detailed in the Supplementary Method. The model 
delineated individual muscle fiber boundaries based on MHC 
staining patterns. Following segmentation, fiber cross-sectional 
area (CSA) was calculated for each fiber using pixel-based 
area measurements. Fiber-type classification (type I, IIA, IIX) 
was performed by quantifying fluorescence intensity of MHC 
isoform-specific channels in the segmented muscle fiber masks. 
Fiber-type heterogeneity was calculated as the number of neigh-
boring fibers with a different fiber type than the index fiber, di-
vided by the total number of adjacent fibers (range 0–1).

To assess the spatial organization of muscle fibers, a two-
dimensional fiber adjacency network was constructed. In this 
network, each center point of muscle fiber was treated as a node, 
and edges were defined between directly adjacent fibers identi-
fied through shared segmented boundaries. Network topology 
was analyzed using Python (v3.9) and the NetworkX library. 
The node-specific average path length (APL) assesses spatial 
connectivity of each node (fiber) (Watts and Strogatz 1998). For 
each muscle fiber, we computed the node-specific APL, defined 
as the mean shortest path length from that fiber to all other 
reachable fibers within the fiber network. This metric yields a 
fiber-level value. Both low- and high node-specific APL values 
may indicate deviations either due to densely connected net-
work by clustering of muscle fibers (topologically central) or dis-
persed network among muscle fibers, respectively (topologically 
peripheral). All analyses were conducted using custom Python 
scripts integrating outputs from Cellpose: automated image 
quantification workflows, and network topology (Figure 1).

2.4   |   Homeostatic Dysregulation Index of Muscle

Shannon entropy can only be calculated on a distribution and 
therefore cannot be calculated for individual muscle fibers. 
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We therefore opted to use a homeostatic dysregulation index 
of muscle (HDIM) to calculate entropy at the fiber level. We 
used three histological features of muscle fibers: fiber size 
diversity, fiber-type heterogeneity, and node-specific APL of 
muscle fiber network to compute HDIM. These measure the 
deviation of a given muscle fiber from the mean of the normal-
ized fiber characteristics for all participants. Prior to comput-
ing HDIM, all features were normalized using Z score at the 
fiber level after stratification by sex and fiber type (total six 
categories: two sex categories [women and men] × three fiber-
type categories [type I, type IIA, and type IIX]). For each nor-
malized variable, the reference centroid was defined as zero, 
representing the mean of the normal distribution of fiber area, 
fiber-type heterogeneity, and node-specific APL in the fiber 
network. Mahalanobis distance was then calculated for each 
fiber based on the deviation of the three variables from its 
standardized centroids, using the covariance matrix derived 
from the entire fiber population, and defined as:

where x is the vector of normalized fiber-level variables, � is 
the reference centroid, and S is the covariance matrix estimated 
from the entire fiber population. Mahalanobis distance quanti-
fies how far an observation deviates from the mean of a refer-
ence population, while considering the variance and covariance 
structure of the multiple variables (Mahalanobis 2018). Due to 
its pronounced right-skewed distribution, the Mahalanobis dis-
tance was log-transformed using the natural logarithm, with-
out any offset, and the resulting value was defined as HDIM, 
a composite measure of muscle fiber-level entropy (Cohen 
et al. 2013, 2014).

2.5   |   Correlation With Shannon Entropy

A correlation between HDIM and Shannon entropy is not inher-
ently guaranteed, as they measure different characteristics: sta-
tistical distance from the reference point and the informational 
uncertainty of the distribution, respectively (Shannon 1948). To 
empirically examine the potential relationship between these 
two metrics at the same analytical level, we implemented a sub-
grouping strategy at fiber level. All extracted fibers from the 
study population were first stratified according to similar val-
ues of HDIM and grouped into 300 HDIM-stratified fiber groups, 
with each group containing a comparable number of fibers (ap-
proximately 493–495 fibers per group). For each group, the me-
dian HDIM value was used as the representative HDIM. Within 
each HDIM-stratified fiber group, Shannon entropy was calcu-
lated separately for fiber CSA, fiber-type heterogeneity index, 
and node-specific APL, and was defined as:

where pi is the probability of observations falling into the i
th bin, and k is the total number of bins. For continuous vari-
ables, Shannon entropy estimation required discretization 
(Shannon  1948). The bin width was determined using the 
Freedman–Diaconis rule (Freedman and Diaconis 1981):

where IQR is the interquartile range and n is the number of ob-
servations in the pooled fiber population. This bin width was 

DM =

√

(x−�)
⊤S−1(x − �)

H = −
∑k

i=1
pi log pi

bins = 2 ⋅
IQR
3
√

n

FIGURE 1    |    Analysis pipeline to calculate fiber-level homeostatic dysregulation index of muscle (HDIM). In histology image panels, blue, green, 
and red fibers indicate type I, IIA, and IIx fiber, respectively. DM, Mahalanobis distance; APL, average path length.
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then uniformly applied to all HDIM-stratified fiber groups to 
ensure consistent and comparable Shannon entropy estimation 
across groups. Pearson correlation coefficients were computed 
between fiber group-level HDIM (median within each fiber 
group) and the Shannon entropy of each component.

2.6   |   Outcomes

Methods for SOMMA outcome collection were described previ-
ously (Cummings et al. 2023). The primary outcome of the study 
was 400-m walk speed. The 400-m walk test was performed at 
each participant's usual or preferred walking pace, consisting of 
10 laps around a 40-m course. The total time to complete the 
400 m, recorded in seconds, included any rest periods taken 
during the test. Secondary outcomes include the expanded short 
physical performance battery (SPPB), leg power, grip strength, 
peak oxygen uptake (VO2 peak) during cardiopulmonary ex-
ercise testing on a treadmill, and mitochondrial energetics: in-
cluding maximal oxidative phosphorylation and maximal ATP 
production. The expanded version of the SPPB, which includes 
a timed 4 m walk, chair stands, balance test, and short narrow 
walk, was measured (Simonsick et al. 2001). Leg extension power 
(W/kg) was assessed using the Keiser A420 Leg Press system. 
Grip strength was measured with a Jamar hand-held dynamom-
eter and a maximum of right and left grip strength was used. VO2 
peak (mL/kg/min) was defined as the highest 30-s average oxy-
gen consumption recorded during the symptom-limited, three-
stage cardiopulmonary exercise test (CPET) on a treadmill using 
either a modified Balke or manual protocol. Mitochondrial ener-
getics were assessed using both ex vivo and in vivo approaches. 
High-resolution respirometry was performed on permeabilized 
vastus lateralis fibers obtained via percutaneous biopsy to mea-
sure maximal oxidative phosphorylation (Max OXPHOS) sup-
ported by complex I- and II-linked substrates (Coen et al. 2013; 
Mau et al. 2023). In vivo mitochondrial function was evaluated 
using 31P magnetic resonance spectroscopy (31P MRS), which 
estimates maximal ATP production (ATPmax) based on the rate 
of phosphocreatine recovery following knee extensor exercise.

2.7   |   Covariates

Weight was assessed by balance beam or digital scales, height by 
wall-mounted stadiometers and BMI was calculated as weight 
(kg)/height (m2). Thigh muscle volume and total abdominal ad-
ipose tissue index (L/m2) were assessed using whole body mag-
netic resonance imaging (Cummings et al. 2023).

2.8   |   Statistical Analysis

Of the 879 older adults enrolled in the SOMMA project, we were 
able to obtain data on 299 older adults who had muscle histology 
tissue using data as of October 2025. Results are presented as 
mean ± standard deviation, median [interquartile range], or num-
ber (%). The mean CSA was only calculated among those who had 
proportion of corresponding fiber > 0%. Participant-level HDIM 
was defined as the mean of all fiber-level HDIM values within the 
corresponding muscle sample. In linear regression models, stan-
dardized β coefficients, representing the change in the outcome 

(in standard deviation units) per one standard deviation change 
in the predictor, were reported to allow comparison of effect sizes 
across variables measured on different scales. The figures illus-
trating the associations of HDIM with physical performance and 
muscle measures present unadjusted standardized β coefficients 
derived from univariate models. We used two multivariable mod-
els to test the association between HDIM and outcomes. Model 
1 adjusted for age, sex, and BMI. For outcomes standardized for 
weight (leg power and VO2 peak), height was adjusted instead of 
BMI in model 1. Model 2 adjusted for age, sex, thigh muscle vol-
ume index (Z score, standardized to sex- and BMI-matched virtual 
control groups) (Linge et al. 2020) and total abdominal adipose tis-
sue index. We tested an interaction term for sex and the main pre-
dictor (HDIM) to assess whether the associations differ for women 
and men. Statistical significance threshold was set at two-sided 
0.05. All analyses were performed using Python 3.10, and Stata 
18.0 (Statacorp, TX, USA).

3   |   Results

3.1   |   Characteristics of Study Participants

The mean age of these study participants was 76.4 ± 5.3 years, 
and 51.2% were women (Table 1, Appendix S1). We analyzed one 
MHC-stained muscle histology image from each of the partici-
pants (Figure 1). A total of 148,120 fibers were segmented and 
quantified from the 299 samples (number of muscle fibers per 
sample: median 472, interquartile range 346–590). Type I fibers 
had the highest proportion (41.4%) and the largest average cross-
sectional area (CSA), followed by type IIA and type IIX fibers. 
Approximately half of the neighboring fibers (49% ± 10%) dif-
fered in fiber type from the index fiber. The mean node-specific 
APL of the fiber network was 13.3 ± 3.4.

3.2   |   Homeostatic Dysregulation Index of Muscle 
(HDIM)

HDIM was defined as the natural log-transformed Mahalanobis 
distance derived from fiber CSA, fiber-type heterogeneity, and 
node-specific average path length, relative to the sex- and fiber-
type-normalized global mean (see Materials and Methods for de-
tails). Mean fiber-level HDIM value was 0.58 ± 1.08. Figure 2 shows 
fibers with lower HDIM values in blue and higher values in red, 
with gradation reflecting intermediate values. Greater deviation 
from the average in any of the muscle histological characteristics 
results in a higher HDIM value. In Figure 2, the left panel illus-
trates predominantly low fiber-level HDIM values, corresponding 
to a low participant-level HDIM (average of fiber-level HDIM val-
ues), whereas the right panel shows more fibers with intermediate 
to high values, resulting in a higher participant-level HDIM.

3.3   |   HDIM and Shannon Entropy (Information 
Entropy)

We hypothesized that fibers with higher HDIM values would 
exhibit more disordered and unpredictable characteristics, such 
as area, compared to those with low HDIM. To test this, muscle 
fibers were stratified based on their HDIM scores into 300 groups 
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(493–495 fibers per group; median HDIM as representative value 
for a group). Shannon entropy of fiber area, node-specific APL, 
and fiber-type heterogeneity was calculated for fiber groups to 
quantify the degree of structural uncertainty. We performed a 
correlation analysis to determine whether statistical deviation 
from the norm at the fiber group-level (HDIM) is systemati-
cally associated with structural uncertainty (Shannon entropy) 
within the group. Fibers with higher HDIM values are associ-
ated with a greater spread in the distribution of individual fiber 
characteristics, indicating an increased structural uncertainty 

(Figure 3A). In Figure 3B, a histogram tightly clustered around 
the mean (green; 5 percentile) indicates low variability in fiber 
group distribution, suggesting a more uniform or ordered state 
(low Shannon entropy). In contrast, a widely dispersed histo-
gram reflects greater variability and randomness in fiber dis-
tribution (red; 95 percentile), consistent with higher Shannon 
entropy. Consistent with our hypothesis, the median HDIM of 
fiber groups demonstrated a strong positive correlation with 
the Shannon entropy of fiber area within each group (Pearson 
r = 0.98; Figure 3C). Similar robust associations were observed 
for node-specific APL (r = 0.99) and fiber-type heterogeneity 
(r = 0.68; Appendix  S1). To further validate these findings, we 
examined the correlation between fiber group-level-modified 
HDIM (calculated excluding area information) and the Shannon 
entropy of fiber area, which yielded a significant, though more 
modest, positive correlation (r = 0.53), confirming the robust-
ness of the observed relationship (Appendix S1).

3.4   |   Associations Between HDIM and Outcomes

No statistically significant interaction between HDIM and sex 
was observed for any outcomes (p for interaction > 0.11 for all; 
data not shown). When the fiber-level HDIM within a partici-
pant was used as participant-level HDIM value, we found no sig-
nificant association between participant-level HDIM and age in 
a linear regression model (β = 0.001, 95% CI −0.007 to 0.008). 
Greater participant-level HDIM was associated with a statisti-
cally significant lower 400-m walk speed even after adjustment 
for age, sex, and BMI (model 1) and after further adjustment 
for age, sex, thigh muscle volume index, and total adipose tis-
sue index (model 2; Table  2). HDIM had stronger associations 
with outcomes than any of its components (fiber area, APSL, 
and fiber-type heterogeneity; Appendix  S1). In univariate and 
multivariable-adjusted models, greater HDIM was associated 
with poorer performance on the SPPB, lower grip strength, lower 
leg power, lower oxidative phosphorylation (Max OXPHOS), 
and lower ATPmax (Figure 4, Table 2).

4   |   Discussion

Our findings support the hypothesis that muscle fibers become 
disorganized in a way that can be quantified as entropy that in-
creases with age. Furthermore, greater fiber entropy measured 
using three characteristics of muscle fibers, including fiber 
cross-sectional area, fiber-type heterogeneity, and node-specific 
APL of the fiber network, was strongly associated with slower 
400-m walk speed, poorer performance on the SPPB, weaker 
muscle power and grip strength, lower VO2 peak, and reduced 
mitochondrial energetics including maximal oxidative phos-
phorylation and maximal ATP production.

Entropy of physical substances increases with time 
(Clausius 1865). HDIM derived from three skeletal muscle his-
tology characteristics behaved as expected for a measurement 
of entropy. HDIM correlated highly with another measurement 
of entropy, Shannon's information entropy. Most importantly, 
as hypothesized, increasing HDIM was associated with several 
measurements of poorer muscle function and physical perfor-
mance measurements.

TABLE 1    |    Clinical characteristics of study participant (n = 299).

Clinical characteristics Values

Age, year 76.4 ± 5.3

Women, n (%) 153 (51.2)

Body mass index, kg/m2 27.9 ± 4.8

400-m walk speed, m/s 1.0 ± 0.2

Expanded SPPB score (n = 298) 2.1 ± 0.5

VO2 peak, mL/kg/min (n = 279) 20.2 ± 4.4

Peak leg power (weight-
standardized), Watts/kg (n = 287)

4.8 ± 1.8

Grip strength, kg 30.2 ± 10.1

Max OXPHOS, pmol/(s*mg) 
(n = 288)

57.83 ± 17.04

ATPMAX, mM/s (n = 276) 0.55 ± 0.15

Thigh muscle volume, L (n = 280) 9.2 ± 2.4

Thigh muscle volume, Z score 
(n = 280)

−0.8 ± 1.0

Total abdominal adipose tissue 
index, L/m2 (n = 284)

4.4 ± 1.7

Skeletal muscle histology parameters

Number of muscle fibers per 
participant

472 [346–590]

Average muscle fiber CSA, μm2

Type I 4535 [3461–5543]

Type IIA 3134 [2161–4454]

Type IIX 2238 [1394–3466]

Proportion of fiber types, %

Type I 41.4 [30.6–51.2]

Type IIA 34.6 [25.7–45.4]

Type IIX 0.3 [0.0–3.1]

Node-specific average path length 13.3 ± 3.4

Fiber-type heterogeneity 0.49 ± 0.10

Note: Data were presented as mean ± standard deviation, median [interquartile 
range], or number (%). The mean CSA was only calculated among those who had 
proportion of corresponding fiber > 0%.
Abbreviations: ATPMAX, maximal ATP production; CSA, cross-sectional area; 
Max OXPHOS, maximal oxidative phosphorylation; SPPB, short physical 
performance battery; VO2 peak, peak oxygen consumption.
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Aging skeletal muscle exhibits progressive histological disor-
ganization characterized by fiber size heterogeneity, where 
both small atrophic and large hypertrophic fibers coexist 
(Scelsi et  al.  1980; Andersen  2003; Lexell and Taylor  1991). 
Additional changes include fiber-type grouping and increased 
co-expression of multiple MHC isoforms within individual fi-
bers and may contribute to disorganization and other processes 
occurring in aging muscle (Andersen 2003). For example, these 
changes could result from cycles of denervation and reinnerva-
tion, leading to sporadic atrophy, compensatory hypertrophy 
across motor units, accumulation of small angular fibers, and 
clustering of fibers with the same MHC expression (Rowan 
et  al.  2011, 2012). Some changes may result from insufficient 

physical exercise or activity, adiposity, or other factors (Tøien 
et  al.  2023). Collectively, these features represent a gradual 
loss of structural integrity in skeletal muscle (Hepple  2012). 
Conceptualizing these changes as histological entropy provides 
a unifying framework for understanding the complex disorga-
nization of muscle. Quantification of entropy in skeletal muscle 
histology images could serve as a biomarker capturing several 
morphological changes and the degree of structural disorganiza-
tion. This measure may also help track longitudinal changes in 
response to interventions targeting muscle aging.

These findings are important beyond muscle. Stochastic ac-
cumulation of errors and damage across biological scales is 

FIGURE 2    |    Graphical examples of histology images with low and high homeostatic dysregulation index of muscle (HDIM) as a measure of en-
tropy. In the MHC-stained histology images (unboxed images), blue, green, and red fibers indicate type I, IIA, and IIx fiber, respectively. In images 
mapped according to deciles of HDIM values (boxed images), more blue indicates lower HDIM value in decile, whereas more red indicates higher 
HDIM value. Fiber-level HDIM values shown here are subsequently aggregated to derive participant-level HDIM.

FIGURE 3    |    Correlation between homeostatic dysregulation index of muscle (HDIM) and information entropy (Shannon entropy, standardized; 
range 0–1) of each component of HDIM (fiber area, node-specific average path length, and fiber-type heterogeneity) with HDIM-stratified fiber groups. 
(A) y-axis represents fiber-level HDIM values for all fibers (n = 148,120), and x-axis represents standardized (Z score) fiber area. Fibers with low HDIM 
values were closely clustered around 0. As fiber-level HDIM values increase, the distribution of fiber area is becoming widely scattered, showing in-
creased uncertainty (increased entropy). (B) For example, muscle fibers with high HDIM (2.0, red; 95 percentile among fiber groups) showed wider 
dispersion of standardized fiber area distribution (high uncertainty = high Shannon entropy: 0.87), whereas fibers with low HDIM value (−1.4, green; 
5 percentile) have narrow muscle fiber area distribution around the population average (low uncertainty = low Shannon entropy: 0.57). (C) To test 
whether having high HDIM (more deviation from the norm) values are correlated with more uncertainty of fiber characteristics (greater dispersion 
in distribution), fibers were stratified into 300 groups (493–495 fibers per each fiber group) by HDIM values. The median HDIM was used as represe-
natative value for each fiber group. At HDIM-stratified fiber group level, median HDIM of fiber groups and Shannon entropy of fiber area calculated 
within each fiber group showed strong positive correlation (Pearson correlation coefficient 0.98, p < 0.001). X-axis indicates median HDIM value as 
representative value for each fiber group. Note that the red and green dots are the fiber groups shown in parts A and B.
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increasingly thought to be the main force of aging of living or-
ganisms. These specific entropies, such as DNA damage and 
tissue disorganization, eventually contribute through feedback 

loops to increased system-wide entropy (Meyer et  al.  2025). 
Thus, entropy is becoming an important unifying framework 
in aging epidemiology. Studies of blood-based biomarkers have 

TABLE 2    |    Association of participant-level homeostatic dysregulation index of muscle (HDIM) with physical performance, muscle power, strength, 
and mitochondrial energetics.

Outcomes

Model 1 (age, sex, and BMI adjusted)
Model 2 (age, sex, muscle index, and 
total adipose tissue index adjusted)

Standardized β coefficient (95% CI) p Standardized β coefficient (95% CI) p

400-m walk speed −0.16 (−0.26 to −0.06) 0.002 −0.17 (−0.28 to −0.06) 0.002

Expanded SPPB −0.14 (−0.24 to −0.04) 0.008 −0.16 (−0.27 to −0.06) 0.003

VO2 peak* −0.16 (−0.26 to −0.05) 0.003 −0.17 (−0.26 to −0.08) < 0.001

Grip strength −0.09 (−0.16 to −0.01) 0.028 −0.10 (−0.19 to −0.02) 0.012

Standardized leg 
power*

−0.10 (−0.20 to −0.01) 0.030 −0.12 (−0.21 to −0.03) 0.009

Max OXPHOS −0.27 (−0.38 to −0.17) < 0.001 −0.29 (−0.39 to −0.18) < 0.001

ATPmax −0.15 (−0.27 to −0.03) 0.011 −0.16 (−0.28 to −0.03) 0.013

Note: Standardized β coefficients represent the change in the dependent variable (in standard deviation units) per one standard deviation increase in the independent 
variable. *For outcomes standardized for weight (leg power, VO2 peak), height was adjusted instead of BMI in Model 1.
Abbreviations: ATPMAX, maximal ATP production; CSA, cross-sectional area; Max OXPHOS, maximal oxidative phosphorylation; SPPB, short physical performance 
battery; VO2 peak, peak oxygen consumption.

FIGURE 4    |    Association of participant-level homeostatic dysregulation index of muscle (HDIM) with (A) 400-m walk speed (m/s), (B) expanded 
short physical performance battery (SPPB), (C) peak oxygen consumption (peak VO2), and (D) maximal oxidative phosphorylation (max OXPHOS). 
St.β, unadjusted standardized beta coefficient derived from univariate linear regression models.
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consistently demonstrated that HDI, a marker of physiological 
dysregulation, rises with age and is a strong predictor of neg-
ative health outcomes such as mortality, frailty, diabetes, and 
cardiovascular disease (Cohen et al. 2013, 2014; Li et al. 2015). 
Our work here shows that HDI can be considered a metric of 
entropy, allowing us to reframe these previous results, which 
apply in many systems and integrate across them. As another 
example, we recently showed that entropy of the cardiac conduc-
tion system, measured by HDI of electrocardiogram (ECG) pa-
rameters, increased with age and was predictive of fracture and 
mortality in a large cohort (Hong et al. 2025). The prediction of 
outcomes prima facie unrelated to ECG supports the integrated 
nature of entropy across biological systems. The method used 
to define entropy of muscle in this study is widely applicable to 
various levels of measurements including blood biomarkers, im-
ages, and multi-omics profiles, providing opportunities for ex-
tensive validation and extension of the entropy framework. An 
important conceptual question is whether the entropy quanti-
fied here reflects muscle-specific disorganization or a broader, 
organism-level aging process. While HDIM is derived from 
muscle fiber-level features and therefore captures the degree 
of disorganization of local tissue, it may also be interpreted as 
a sentinel marker of systemic aging, potentially reflecting pro-
gressive exhaustion of compensatory and homeostatic mecha-
nisms with aging. Although direct evaluation of multisystem 
aging constructs was beyond the scope of this study, this is an 
important direction for future research and requires accumula-
tion of integrated, multisystem data.

Mahalanobis distance and Shannon information entropy are 
different approaches to quantifying entropy that have differ-
ent applications (Cohen et  al.  2013, 2014; Li et  al.  2015; Byun 
et al. 2019). Information entropy requires that multiple measure-
ments exist within an individual (Shannon 1948). In contrast, 
Mahalanobis distance quantifies how far an individual devi-
ates from a reference population, even with a single value per 
individual. We found that HDIM calculated using Mahalanobis 
distance is highly correlated with information entropy across 
individual fiber traits. This finding indicates that both methods 
are assessing the underlying concept of entropy and supports the 
use of HDIM as a valid proxy for entropy.

This study has limitations. Entropy is a complex phenomenon 
that spans scales from the molecular to the tissue and whole-
organism levels, making it inherently challenging to define and 
quantify since it captures the randomness or disorganization 
in biological systems (Bortz 1986). Muscle samples from study 
participants aged 70 or older were analyzed in this study and 
all the participants would be expected to exhibit a degree of de-
viation in HDIM from a reference young population. This is a 
cross-sectional study and changes with age should be confirmed 
in longitudinal follow-up. Some factors that change with age, 
such as a decrease in a variety of activity, muscle function, fac-
tors associated with decreased muscle mass, body composition, 
or other factors, might also contribute to an increase in entropy 
with age which may be explored in other analyses. The absence 
of an association between participant-level HDIM and age may 
reflect information loss from aggregating fiber-level HDIM 
into a single mean per participant, which obscures within-
participant heterogeneity. In addition, the restricted age range 
of the SOMMA cohort may have limited our ability to detect 

age-related gradients. The trajectory of HDIM across a wider 
age span needs to be investigated. Future studies comparing 
the predictive performance of participant-level HDIM with sim-
pler Shannon entropy-based metrics would be valuable for both 
mechanistic insight and broader implementation. This study did 
not explicitly account for mixed muscle fiber types (e.g., MHC 
I/IIA and IIAX), which may have led to an underestimation of 
fiber-type complexity.

In summary, we conclude that skeletal muscle fibers undergo 
disorganization that can be characterized as entropy. HDIM 
increased with age and correlated with physical performance, 
peak oxygen consumption during cardiopulmonary exercise, 
muscle power and maximum oxidative phosphorylation of mus-
cle, independent of thigh muscle volume. This approach can be 
applied to other data and images to test that entropy increases 
with aging and this natural physical process is associated with 
loss of functions. Whether development of entropy in histologi-
cal traits of skeletal muscle can be slowed, for example, by resis-
tance training, remains to be determined.

Author Contributions

Namki Hong: conceptualization, methodology, formal analysis, inves-
tigation, data curation, visualization, writing – original draft, writing 
– review and editing; Sang Wouk Cho: software, methodology, formal 
analysis, investigation, visualization, writing – original draft, writing – re-
view and editing; Alan A. Cohen: conceptualization, methodology, re-
sources, writing – review and editing; Russell T. Hepple: methodology, 
validation, data curation, writing – review and editing, resources; Paul 
M. Coen: writing – review and editing, resources, data curation; Bumsoo 
Ahn: writing – review and editing, resources; Anne B. Newman: writing – 
review and editing, resources; Stephen B. Kritchesky: writing – review 
and editing, resources; Paul J. Laurenti: validation, writing – review and 
editing; Warren S. Browner: writing – review and editing; Steven R. 
Cummings: conceptualization, methodology, project administration, 
funding acquisition, investigation, resources, writing – original draft, 
writing – review and editing. All authors have read and finally agreed to 
the published version of the manuscript.

Acknowledgements

The authors have nothing to report.

Funding

This work was supported by the grant of the National Institute on Aging 
(NIA grant number R01AG059416).

Conflicts of Interest

The authors declare no conflicts of interest.

Data Availability Statement

The data that support the findings of this study are openly available in 
SOMMA Online at https://​somma​online.​ucsf.​edu/​.

References

Andersen, J. L. 2003. “Muscle Fibre Type Adaptation in the Elderly 
Human Muscle.” Scandinavian Journal of Medicine & Science in Sports 
13, no. 1: 40–47.

Bortz, W. M. 1986. “Aging as Entropy.” Experimental Gerontology 21, 
no. 4–5: 321–328.

 14749726, 2026, 3, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/acel.70421 by Y

onsei U
niversity M

ed L
ibrary, W

iley O
nline L

ibrary on [02/04/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

https://sommaonline.ucsf.edu/


9 of 9Aging Cell, 2026

Byun, S., A. Y. Kim, E. H. Jang, et al. 2019. “Entropy Analysis of Heart 
Rate Variability and Its Application to Recognize Major Depressive 
Disorder: A Pilot Study.” Technology and Health Care: Official Journal of 
the European Society for Engineering and Medicine 27, no. S1: 407–424.

Clausius, R. 1865. “Ueber verschiedene für die Anwendung bequeme 
Formen der Hauptgleichungen der mechanischen Wärmetheorie.” 
Annalen der Physik 201, no. 7: 353–400.

Coen, P. M., S. A. Jubrias, G. Distefano, et  al. 2013. “Skeletal Muscle 
Mitochondrial Energetics Are Associated With Maximal Aerobic 
Capacity and Walking Speed in Older Adults.” Journals of Gerontology. 
Series A, Biological Sciences and Medical Sciences 68, no. 4: 447–455.

Cohen, A. A., E. Milot, Q. Li, V. Legault, L. P. Fried, and L. Ferrucci. 
2014. “Cross-Population Validation of Statistical Distance as a 
Measure of Physiological Dysregulation During Aging.” Experimental 
Gerontology 57: 203–210.

Cohen, A. A., E. Milot, J. Yong, et al. 2013. “A Novel Statistical Approach 
Shows Evidence for Multi-System Physiological Dysregulation During 
Aging.” Mechanisms of Ageing and Development 134, no. 3–4: 110–117.

Cummings, S. R., A. B. Newman, P. M. Coen, et al. 2023. “The Study 
of Muscle, Mobility and Aging (SOMMA): A Unique Cohort Study 
About the Cellular Biology of Aging and Age-Related Loss of Mobility.” 
Journals of Gerontology. Series A, Biological Sciences and Medical 
Sciences 78, no. 11: 2083–2093.

Freedman, D., and P. Diaconis. 1981. “On the Histogram as a Density 
Estimator: L2 Theory.” Zeitschrift für Wahrscheinlichkeitstheorie Und 
Verwandte Gebiete 57, no. 4: 453–476.

Frontera, W. R., V. A. Hughes, R. A. Fielding, M. A. Fiatarone, W. J. 
Evans, and R. Roubenoff. 2000. “Aging of Skeletal Muscle: A 12-Yr 
Longitudinal Study.” Journal of Applied Physiology (1985) 88, no. 4: 
1321–1326.

Frontera, W. R., K. F. Reid, E. M. Phillips, et al. 2008. “Muscle Fiber 
Size and Function in Elderly Humans: A Longitudinal Study.” Journal 
of Applied Physiology 105, no. 2: 637–642.

Gladyshev, V. N., S. B. Kritchevsky, S. G. Clarke, et al. 2021. “Molecular 
Damage in Aging.” Nature Aging 1, no. 12: 1096–1106.

Hepple, R. T. 2012. “Muscle Atrophy Is Not Always Sarcopenia.” Journal 
of Applied Physiology (1985) 113, no. 4: 677–679.

Hershey, D., and I. I. I. W. E. Lee. 1987. “Entropy, Aging and Death.” 
Systems Research 4, no. 4: 269–281.

Hong, N., S. W. Cho, J. Kim, et  al. 2025. “Entropy, Assessed by 
Homeostatic Dysregulation on Electrocardiograms Predicts Fracture 
and Mortality.” Aging Cell 24: e70227.

Kedlian, V. R., Y. Wang, T. Liu, et  al. 2024. “Human skeletal muscle 
aging atlas.” Nature Aging 4, no. 5: 727–744.

Lexell, J., and C. C. Taylor. 1991. “Variability in Muscle Fibre Areas in 
Whole Human Quadriceps Muscle: Effects of Increasing Age.” Journal 
of Anatomy 174: 239–249.

Li, Q., S. Wang, E. Milot, et  al. 2015. “Homeostatic Dysregulation 
Proceeds in Parallel in Multiple Physiological Systems.” Aging Cell 14, 
no. 6: 1103–1112.

Linge, J., S. B. Heymsfield, and O. Dahlqvist Leinhard. 2020. “On the 
Definition of Sarcopenia in the Presence of Aging and Obesity-Initial 
Results From UK Biobank.” Journals of Gerontology. Series A, Biological 
Sciences and Medical Sciences 75, no. 7: 1309–1316.

Mahalanobis, P. C. 2018. “Reprint of: Mahalanobis, P.C. (1936) on the 
Generalised Distance in Statistics.” Sankhya A 80, no. 1: 1–7.

Mau, T., L.-Y. Lui, G. Distefano, et al. 2023. “Mitochondrial Energetics in 
Skeletal Muscle Are Associated With Leg Power and Cardiorespiratory 
Fitness in the Study of Muscle, Mobility and Aging.” Journals of 
Gerontology. Series A, Biological Sciences and Medical Sciences 78, no. 
8: 1367–1375.

Meyer, D. H., A. A. Maklakov, and B. Schumacher. 2025. “Aging by the 
Clock and Yet Without a Program.” Nature Aging 5, no. 10: 1946–1956.

Pohl, G., I. Jákli, I. G. Csizmadia, D. Papp, G. F. Matías, and A. Perczel. 
2012. “The Role of Entropy in Initializing the Aggregation of Peptides: 
A First Principle Study on Oligopeptide Oligomerization.” Physical 
Chemistry Chemical Physics (PCCP) 14, no. 4: 1507–1516.

Rowan, S. L., F. M. Purves-Smith, N. M. Solbak, and R. T. Hepple. 2011. 
“Accumulation of Severely Atrophic Myofibers Marks the Acceleration 
of Sarcopenia in Slow and Fast Twitch Muscles.” Experimental 
Gerontology 46, no. 8: 660–669.

Rowan, S. L., K. Rygiel, F. M. Purves-Smith, N. M. Solbak, D. M. 
Turnbull, and R. T. Hepple. 2012. “Denervation Causes Fiber Atrophy 
and Myosin Heavy Chain Co-Expression in Senescent Skeletal Muscle.” 
PLoS One 7, no. 1: e29082.

Scelsi, R., C. Marchetti, and P. Poggi. 1980. “Histochemical and 
Ultrastructural Aspects of m. Vastus Lateralis in Sedentary Old People 
(Age 65–89 Years).” Acta Neuropathologica 51, no. 2: 99–105.

Shannon, C. E. 1948. “A Mathematical Theory of Communication.” Bell 
System Technical Journal 27, no. 3: 379–423.

Simonsick, E. M., A. B. Newman, M. C. Nevitt, et al. 2001. “Measuring 
Higher Level Physical Function in Well-Functioning Older Adults: 
Expanding Familiar Approaches in the Health ABC Study.” Journals of 
Gerontology. Series A, Biological Sciences and Medical Sciences 56, no. 
10: M644–M649.

Stringer, C., T. Wang, M. Michaelos, and M. Pachitariu. 2021. “Cellpose: 
A Generalist Algorithm for Cellular Segmentation.” Nature Methods 18, 
no. 1: 100–106.

Tøien, T., J. L. Nielsen, O. K. Berg, et al. 2023. “The Impact of Life-Long 
Strength Versus Endurance Training on Muscle Fiber Morphology and 
Phenotype Composition in Older Men.” Journal of Applied Physiology 
(1985) 135, no. 6: 1360–1371.

Watts, D. J., and S. H. Strogatz. 1998. “Collective Dynamics of ‘Small-
World’ Networks.” Nature 393, no. 6684: 440–442.

Supporting Information

Additional supporting information can be found online in the 
Supporting Information section. Appendix S1: acel70421-sup-0001-
AppendixS1.pdf. 

 14749726, 2026, 3, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/acel.70421 by Y

onsei U
niversity M

ed L
ibrary, W

iley O
nline L

ibrary on [02/04/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense


	Entropy of Muscle Fiber Histology Predicts Mobility in Older Adults: The Study of Muscle, Mobility, and Aging
	ABSTRACT
	1   |   Introduction
	2   |   Materials and Methods
	2.1   |   Study Participants
	2.2   |   Skeletal Muscle Biopsy, Sample Preparation, and Staining
	2.3   |   Muscle Fiber Segmentation, Fiber Typing, and Network Generation
	2.4   |   Homeostatic Dysregulation Index of Muscle
	2.5   |   Correlation With Shannon Entropy
	2.6   |   Outcomes
	2.7   |   Covariates
	2.8   |   Statistical Analysis

	3   |   Results
	3.1   |   Characteristics of Study Participants
	3.2   |   Homeostatic Dysregulation Index of Muscle (HDIM)
	3.3   |   HDIM and Shannon Entropy (Information Entropy)
	3.4   |   Associations Between HDIM and Outcomes

	4   |   Discussion
	Author Contributions
	Acknowledgements
	Funding
	Conflicts of Interest
	Data Availability Statement
	References


