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Abstract: The age-related loss of muscle mass and strength is referred to as “sarcopenia”. The 10 

combined effect of sarcopenia and osteoporosis is a devastating threat to the old adult, accounting 11 

for reduced mobility, risk for falls and subsequent fractures. In previous studies, we observed a 12 

high degree of inter-individual variability of paraspinal muscle fatty infiltration, one most relevant 13 

index of muscle wasting. This aspect solicited us to develop a computerized method to quantita- 14 

tively characterize muscle fatty infiltration in aging and diseases. 15 

Magnetic resonance images of paraspinal muscles from 58 women of different age (age range 23-85 16 

years) and physio-pathological status (healthy young, pre-menopause, post-menopause, and os- 17 

teoporosis), were used to set up the method. It is based on fractal analysis of lean muscle area 18 

(contractile muscle) to estimate muscle fatty infiltration. In particular, lacunarity was computed by 19 

parameter β from our hyperbola model function, used to fit the GBA (gliding box algorithm) cur- 20 

vilinear plot. Succolarity was estimated by parameter µ, for the four main directions, through an 21 

algorithm implemented on purpose. 22 

Results show that fractal lacunarity, by quantifying muscle fatty infiltration, can discriminate be- 23 

tween osteoporosis and healthy aging while succolarity can separate the other three groups 24 

showing similar lacunarity. Therefore, fractal features of contractile muscle, by measuring fatty in- 25 

filtration, can represent good indices of sarcopenia in aging and disease. 26 

Keywords: aging; biocomplexity; biomarkers; fractal; fatty infiltration; lacunarity; magnetic reso- 27 

nance imaging; muscle; sarcopenia; succolarity. 28 

 29 

1. Introduction 30 

Aging is characterized by a progressive structural and functional decline at different 31 

levels. Such a decline also affects musculoskeletal apparatus. Quantitative and qualita- 32 

tive changes occurring at skeletal muscles with aging account for increased prevalence of 33 

disability, increased risk of morbidity and mortality in the elderly [1–4]. The term sar- 34 

copenia was introduced by Rosenberg in 1989 [5,6] to define the age-related loss of mus- 35 

cle mass. More recently, sarcopenia has been defined as “a syndrome characterized by a 36 

progressive and generalized loss of skeletal muscle mass and strength with a risk of ad- 37 

verse outcomes such as physical disability, poor quality of life and death” [7,8]. Past the 38 

age of 50 years, the rate of muscle loss ranges within 1-2% a year. It would account for 39 

25% and 40% sarcopenic people after the age of 70 and 80 years, respectively [9,10]. The 40 

term myopenia has been proposed to define a clinically relevant degree of muscle wast- 41 

ing characterized by a rapid loss of muscle mass in a short time (i.e. more than 5% in 6-12 42 

months) in association with impaired functional capacity and/or increased risk of mor- 43 

bidity and mortality [11].  44 

Several aspects other than muscle size concur to the loss of physical activity strength 45 
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in the etiology of disability. A combination of both neurological and muscular factors 46 

contributes to the decline of muscle strength [12–15]: muscle atrophy, reduced contractile 47 

quality due to changes in the myofibrillar machinery, and fatty infiltration of contractile 48 

muscle also concur to the decrease of muscle strength [3,4,12,16]. 49 

Among several techniques proposed for muscle assessment [17], three main medical 50 

imaging techniques have been used to estimate muscle mass variation with aging: com- 51 

puter tomography (CT), magnetic resonance imaging (MRI), and dual-energy X-ray ab- 52 

sorptiometry (DXA). Although CT and MRI represent the gold standards for muscle 53 

mass estimate, their application has been limited to the research field while DXA has 54 

been chosen for clinical use [18,19]. In fact, DXA, in spite of providing surrogate estimates 55 

of both regional and whole-body skeletal muscle mass, is widely diffused as it can be 56 

used at low cost and with minimal radiation exposure. Both CT and MRI represent im- 57 

aging techniques very precise in differentiate fat from other soft tissues; however, MRI 58 

has been recognized as the best tool for fatty infiltration assessment [20]. Numerous and 59 

different techniques have been proposed to assess muscle fatty infiltration; nevertheless, 60 

there is a lack of methods for its quantitative estimate [21–25].     61 

The aim of this study was to set up a computerized method for quantitative charac- 62 

terization of fatty infiltration of the contractile muscle. Considering that the term ‘fatty 63 

infiltration’ has been using with a non-univocal meaning [26], it has to be stressed that 64 

the term ‘fatty infiltration’ in this study identifies inter and intra non-contractile tissue 65 

(mainly fat and connective tissue) that substitutes myofibrillar tissue portions within the 66 

lean muscle area (contractile muscle). 67 

 The proposed method is based on fractal features estimate of LeanCSA (lean mus- 68 

cle cross-sectional area) in MR images of paraspinal muscles. In particular, the hyperbo- 69 

la-based method was used for lacunarity texture analysis; it provides three parameters 70 

(α, β, γ) for which α correlates with the fractal dimension and β quantifies the lacunarity 71 

of the set [27–30]. The term ‘lacunarity’ (derived from Latin ‘lacuna’ that means gap or 72 

hole) was coined by Mandelbrot to characterize fractal objects with the same fractal di- 73 

mension but differently appearing [31]. Later, lacunarity analysis was also introduced as 74 

a more general texture analysis method to describe complex patterns with or without 75 

fractal properties [32]. Succolarity, the third fractal feature, was also considered to com- 76 

plete fractal characterization of muscle fatty infiltration. Succolarity was introduced by 77 

Mandelbrot [33] to discriminate fractals with the same lacunarity. Succolarity evaluates 78 

the degree of the percolation capacity of a hypothetic fluid in a defined direction and thus 79 

estimates connectivity and intercommunication [34]. Parameter µ for the four main di- 80 

rections was introduced to quantify succolarity by using a revised version of the method 81 

proposed to compute succolarity [35]. While fractal dimension and fractal lacunarity are 82 

widely used, succolarity was not considered for long time after its introduction in fractal 83 

geometry. More recently, the concept of succolarity has been revisited and a quantifica- 84 

tion has been also proposed [36].  85 

In this study, fractal analysis was applied to lumbar paraspinal muscle axial images 86 

acquired by MRI spin-echo technique from subjects of different age and phys- 87 

io-pathological status to verify the potential of fractal parameters as new indices of mus- 88 

cle wasting in aging (sarcopenia) and age-related pathology (osteoporosis). Classic indi- 89 

ces of muscle mass composition were also considered together with a new one, namely 90 

Lean/Fat ratio. This new index, derived from classic measurements, puts in relation 91 

changes occurring at both lean and fatty muscle mass thus allowing a better comparison 92 

between classic and fractal based new methods. 93 

2. Materials and Methods 94 

2.1. Description of dataset 95 

2.1.1. Subjects  96 
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Data used in this study were from subjects enrolled in a previous study on vertebral 97 

trabecular bone degeneration in aging and osteoporosis [27,28]. In particular, the dataset 98 

considered in this study included women within the age-range 23-81 years stratified in 99 

groups on the basis of their physio-pathological status (healthy young, pre-menopause, 100 

post-menopause, osteoporosis). Table 1 summarizes main demographic and clinical 101 

characteristics of the subjects under study. MRI images of lumbar spine were used to 102 

quantify paraspinal muscle degeneration with aging and pathology. 103 

Table 1. Demographic and clinical characteristics of subjects’ sample. 104 

Subjects Number Age Range Mean Age 1 Median Age 

All 59 23 - 81 53 ± 15 50 

Young 15 23 - 40 35 ± 5 37 

Pre-menopause 15 42 - 50 45 ± 3 44 

Post-menopause 14 51 - 81 64 ± 10 64 

Osteoporosis 2 15 57 - 78 70 ± 6 71 

Age-matched 3 10 56 - 81 68 ± 8 67 
1 Mean Age expressed as mean ± SD (standard deviation); 2 T-score ≤ -2.5 as defined by World 105 
Health Organization; 3 Age-matched control group for comparison with Osteoporosis group.  106 

The study was carried on according to the Declaration of Helsinki. All subjects in- 107 

cluded in the study had given their consent to use MRI scans data for research scope. 108 

2.1.2. MRI image acquisition  109 

High resolution MRI, 1.5T whole body system (Gyroscan Intera; Philips-Medical 110 

System, ACR-Nema 1.0), was used for lumbar spine scans using a phased array dS Spine 111 

coil. Spin-echo multislice technique was applied to acquire axial section images of L1-L4 112 

lumbar spine (9 slices/vertebra with a thickness of 3 mm without space gap between 113 

slices). The pulse sequence used was: TE of 15 ms, TR of 525 ms; flip angle was of 90°, 114 

matrix 512x512 pixel, and pixel size equal to 0.469 mm. The scan time was shorter than 15 115 

min. 116 

2.2. Image processing and analysis 117 

MR images of the 4th lumbar vertebra were used in the present study to characterize 118 

paraspinal muscles. The MRI data set was transferred to a personal computer for image 119 

texture analysis. 120 

2.2.1. Analysis of MR images  121 

The algorithms developed for the characterization of lumbar paraspinal muscles 122 

start with an image area selection by a semi-automatic procedure to define the region of 123 

interest (ROI) corresponding to the lumbar paraspinal muscle group considered. This 124 

ROI was used to delimit lean muscle area (contractile area) and the surrounding fatty 125 

muscle area. A simple count of pixel number belonging to these ROIs was performed for 126 

muscle composition estimate by classical indices such as cross-sectional area of the whole 127 

muscle mass (TotCSA), lean muscle mass (LeanCSA) and fatty muscle mass (FatCSA). 128 

Percentage of lean and fatty mass as well as the ratio between lean and fatty mass 129 

(Lean/Fat ratio) were also calculated.  130 

LeanCSA was considered to quantify fatty infiltration by three independent indices: 131 

-  ρ: the ratio between lean (contractile) and fatty (non-contractile) portions of 132 

muscle tissue belonging to the lean muscle area (LeanCSA);  133 

-  β: the fractal lacunarity of lean muscle area, where fatty infiltration is assumed as 134 

lacunas.  135 
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-  µ: the succolarity of lean muscle area, where fatty infiltration is assumed as the 136 

empty space within the muscle tissue percolated by a hypothetical fluid crossing the set 137 

in four directions (down to up ↑; left to right →; up to down ↓; right to left ←). 138 

The computational procedures to obtain these indices from LeanCSA are described 139 

below. These indices were compared with the classical indices of muscle composition 140 

described above. Figure 1 (left) shows a sketch of ROIs’ selection for both muscle com- 141 

position and fatty infiltration estimates. 142 

2.2.2 Computation of index ρ (lean/fat ratio) 143 

The algorithm to compute ρ is based on a simple count of pixels nL (contractile 144 

muscle) and the pixels nF (non-contractile muscle) belonging to the lean mass area 145 

(LeanCSA). The ratio between these two numbers gives the value of the index ρ, that is: 146 

                         𝜌 = 𝑛𝐿

𝑛𝐹
           (1) 147 

At a first glance, the decision whether a given pixel belongs to the lean mass or to the 148 

fatty mass seems to be quite simple; in fact, fatty mass is characterized by a lighter gray 149 

level than the lean mass. However, the non-uniform illumination in the image can make 150 

difficult to obtain a unique threshold to separate the lean mass from the fatty mass. 151 

Therefore, a simple adaptive thresholding procedure is used. The bounding box of the 152 

ROI is uniformly partitioned in M by N rectangles and a different threshold is computed 153 

for the rectangles with not empty intersection with the ROI. Let R be the intersection of 154 

the ROI and one of such rectangles, H be the histogram of gray levels in R, so H(i) gives 155 

the number of pixels in R having gray level i, where i=0, 1,…, 255. The following algo- 156 

rithm is used to compute the threshold  in R.  157 

Algorithm 1 (local threshold). Given the sub-image R, the histogram H of gray levels 158 

in R, and a tolerance T, compute the threshold  by the following steps: 159 

• let 1 be the index of the relative maximum of H that is closest to i=0; 160 

• let 2 be the index of the relative maximum of H that is closest to i=255; 161 

• let =(1+2)/2; 162 

• do 163 

o old=; 164 

o let 1 be the weighted average of gray levels less than  with 165 

weights H(i), i=0, 1, …, -1; 166 

o let 2 be the weighted average of gray levels greater than  167 

with weights H(i), i=+1, +2, …, 255; 168 

o let =(1+2)/2; 169 

until |-old |<T. 170 

In this way, every rectangle having not empty intersection with the ROI has a dif- 171 

ferent threshold. Let Rj, j=0,1, …, J be the intersection of such rectangles and the ROI, let j, 172 

j=0,1, …, J be the corresponding thresholds. The following algorithm computes the seg- 173 

mentation of the ROI in terms of nF, i.e. the number of pixels in the fat mass, and nL, i.e. 174 

the number of pixels in the lean mass.  175 

Algorithm 2 (image segmentation). Let d be the diagonal of the rectangles in the 176 

partition of the ROI, and cj be the center of the j-th rectangle. Given the sub-images Rj, 177 

j=0,1, …, J, and the corresponding thresholds j, j=0,1, …, J; compute nF and nL as the total 178 

number of pixels in the fat mass and in the lean mass, respectively, by the following 179 

steps: 180 

• nF=0; 181 

• nL=0; 182 

• for every pixel p in the ROI, 183 

o let Rj be the sub-image containing p, and dj=|cj-p|; 184 

o let Rl, l =1, 2,…, L be all the sub-images such that |cl-p|<|cj-cl| 185 

and |cl-p|<d; 186 

o let dl=|cl-p|, l=1, 2,…, L and 187 
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                            𝜏 =
𝒅𝒋𝝉𝒋+∑ 𝒅𝒍𝝉𝒍

𝑳
𝒍=𝟏

𝒅𝒋+∑ 𝒅𝒍
𝑳
𝒍=𝟏

      (2) 188 

o if GL(p)> , increase nF by 1, else increase nL by 1. 189 

We note that in Algorithm 2 GL(p) denotes the gray level of pixel p; moreover, index 190 

L may be zero, for example when sub-image Rj is near the boundary of the ROI; in this 191 

case the summations appearing in the definition of  must be considered equal to zero 192 

and =j. 193 

Therefore, the computation of parameter ρ is performed by Algorithm 1, Algorithm 194 

2 and finally formula (1). 195 

2.2.3 Computation of index β (lacunarity) 196 

Fractal lacunarity analysis was performed by adopting the method previously de- 197 

veloped in our laboratory as described in [27,28] and modified in [29,30]. 198 

Our method to estimate fractal lacunarity is based on the gliding box algorithm 199 

(GBA). This algorithm computes the lacunarity of a set by analyzing its mass distribution 200 

[37]. More precisely, for a box of edge length b>0, all the possible positions on the set (i.e. 201 

the ROI) and the mass of the set within each box is considered. In this way, a frequency 202 

distribution of the box mass is obtained and the lacunarity index β is computed by con- 203 

sidering the moments of this distribution for different values of b>0. 204 

In the particular case, the set is the ROI under analysis (LeanCSA) and the set mass is 205 

the pixel gray level. So, an image segmentation is not strictly required for lacunarity 206 

analysis, however, a preprocessing step with a sigmoid function can improve the quality 207 

of the results. In particular, for each pixel p in the ROI this step computes the new gray 208 

level GP’(p) of p from the original value GP(p) by using the following formula: 209 

𝐺𝑃’(𝑝) =
1

1 + exp⁡(−𝑘(𝐺𝑃(𝑝) − 𝜎))
,⁡⁡⁡⁡⁡⁡⁡⁡𝑝⁡in⁡the⁡ROI, (3) 

where k, σ > 0 are two given parameters. It is worth noting that the procedure goes to- 210 

ward a complete binarization by increasing parameter k, related to sigmoid regulariza- 211 

tion. 212 

For the sake of simplicity we assume that, for each b, only a finite number of masses 213 

Mj, j=1,2,…,μ(b) are encountered in the various gliding boxes of size b; therefore, a dis- 214 

crete frequency distribution n(Mj,b), j=1,2,…, μ(b) has to be considered. Note that such an 215 

assumption holds for binary images, where the mass of a generic box on the image is 216 

given by the number of white pixels in the box, i.e. the pixels associated to the value one. 217 

From standard arguments on probability the moments of order q of M, are given by: 218 

𝑍𝑞(𝑀, 𝑏) =
1

𝑁(𝑏)
∑𝑀𝑗

𝑞
𝑛(𝑀𝑗 , 𝑏)

𝜇(𝑏)

𝑗=1

,⁡⁡⁡⁡⁡⁡⁡⁡𝑏 > 0, (4) 

where the division by N(b), i.e. the total number of boxes, needs to convert n(Mj,b), 219 

j=1,2,…,μ(b) into a probability distribution. The definition of lacunarity function Λ uses 220 

only the first and the second moments of M, that is 221 

Λ(𝑏) =
𝑍2(𝑀, 𝑏)

𝑍1(𝑀, 𝑏)2
,⁡⁡⁡⁡⁡⁡⁡⁡𝑏 > 0. (5) 

The GBA was implemented in software using MATLAB software package (the Mat- 222 

Works, Inc.). The program begins to elaborate the ROI. Then, for each integer value of b 223 

between bmin and bmax, where bmin, bmax are given integer multiples of the pixel size in the 224 

image under consideration, the program computes the lacunarity function Λ(b), b=bmin, 225 

bmin+1,…, bmax and shows the results on a graph.   226 

As expected, for all the images analyzed, the behavior of lacunarity function was a cur- 227 

vilinear plot resembling the hyperbola curve; therefore, the following model: 228 
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L(𝑏) =
𝛽

𝑏𝛼
+ 𝛾,⁡⁡⁡⁡⁡⁡⁡⁡𝑏 ∈ [𝑏𝑚𝑖𝑛 , 𝑏𝑚𝑎𝑥] (6) 

was chosen to approximate the lacunarity function Λ(b), where α, β, γ are suitable pa- 229 

rameters.  230 

This observation is consistent with the theoretical behavior of lacunarity function Λ for 231 

self-similar fractals and for other different random sets. Moreover, for such fractals, pa- 232 

rameter α is related to the fractal dimension of the set and parameter β characterizes the 233 

lacunarity of the set [27,28]. 234 

In each particular example considered in this study, the best fit of lacunarity Λ(b), 235 

b=bmin, bmin+1,…, bmax, by the model function L(b), b [bmin, bmax], was computed as the solu- 236 

tion of a least squares problem, where parameters α, β, γ are the independent variables. 237 

In particular, the minimizer of this problem is a triplet of parameters (α*, β*, γ*) of the 238 

model function that better represents the variation of mass density of pixels in that im- 239 

age. The parameter β* gives the lacunarity of the considered ROI. 240 

Figure1 (right) shows a schematic representation of our lacunarity analysis method. 241 

 242 

Figure 1. Schematic representation of lacunarity method. (left) Paraspinal muscle MRI-spin echo to 243 
visualize muscle CSA al level of the 4th lumbar vertebra with ROIs selection to delimit TotCSA 244 
(solid line) and separate LeanCSA and FatCSA (dotted line); (right) GBA curvilinear plot (dotted 245 
line) as fitted by our hyperbola model function L(b) (solid line) to compute the triplet of parameters 246 
α*, β*, γ*; parameter α correlates with fractal dimension and parameter β describes the concavity of 247 
the curve and gives a quantitative estimate of lacunarity. MRI: magnetic resonance imaging, CSA: 248 
cross-sectional area, GBA: gliding box algorithm. 249 

2.2.4 Computation of index µ (succolarity) 250 

Succolarity [36] refers to the capacity to allow the flow of a fluid. So, it gives a further 251 

information with respect to fractal dimension and lacunarity since depends on the spatial 252 

organization of lacunas, for example, into filaments through the set. We note that this 253 

fractal property is particularly relevant for the present analysis due to the geometrical 254 

organization of fat infiltration into muscle tissue. Fractal succolarity analysis was per- 255 

formed by refining the method presented in [35]. The proposed refinement is mainly 256 

based on the management of the different box sizes used to compute the flow of an ideal 257 

fluid through the ROI. Four main directions are considered, i.e., down to up, ↑; left to 258 

right, →; up to down, ↓; and right to left, ←; however, here we describe only the com- 259 

putation in the up to down case since the other ones can be obtained by proper rotations 260 

of the image. The capacity C(p) of a pixel p in the image to be occupied by the fluid is 261 

given by GL(p), i.e., the gray level of pixel p. The succolarity algorithm starts by flowing 262 

the pixels p of the ROI perimeter above the diagonals of the bounding box of the ROI. A 263 

pressure π(p)=0 is assigned to these pixels. For each b between bmin and bmax, the following 264 

iterative procedure is performed: let π be the pressure of the pixels flooded in the pre- 265 
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vious step, from these pixels the fluid flows to the pixels at (chessboard) distance less 266 

than or equal to b; the pressure of these new flooded pixels is π+1. When all the pixels are 267 

flooded, the succolarity function S is computed as follows: 268 

𝑆↓(𝑏) =
∑ 𝐺𝐿(𝑝)𝜋(𝑝)𝑝∈𝑅𝑂𝐼

∑ 𝜋(𝑝)𝑝∈𝑅𝑂𝐼

. (7) 

Proper rotations of the ROI can be used to compute the other succolarity functions S, S, 269 

S→ by the same procedure. From functions Sd, d{, , , →} the succolarity indices μ, 270 

μ, μ, μ→ are computed as follows: 271 

𝜇𝑑 = 𝑚𝑎𝑥{𝑆𝑑(𝑏), 𝑏 ∈ [𝑏𝑚𝑖𝑛 , 𝑏𝑚𝑎𝑥]}, 𝑑 ∈ {↓,←, ↑,→}. (8) 

3. Results 272 

3.1. Mass composition of paraspinal muscles 273 

Results on paraspinal muscle composition confirm an age-related decreasing trend 274 

for lean mass and an increasing trend for fatty mass. These results are consistent with 275 

those reported in literature for different muscles [16–20]. Lean/Fat ratio results of TotCSA 276 

show an age-related decreasing trend. In osteoporosis, the lean/fat ratio lower than 277 

age-matched control group reflects the higher fatty mass in disease than in aging as both 278 

show similar amounts of lean mass. Table 2 summarizes classical measurement results on 279 

paraspinal muscle composition (area in pixel, percentage, and ratio) expressed as mean ± 280 

SD of the average of right and left paraspinal muscle groups. 281 

  Table 2. Paraspinal muscle composition by classical estimates. 282 

Subjects TotCSA LeanCSA*  FatCSA†  Lean/Fat 

Ratio  

All 11114 ± 1858 8507 ± 2608 (77%)* 1925 ± 1153 (23%) 4.40 ± 3.53 

Young 11222 ± 1939  9364 ± 1929 (84%) 1858 ± 1015 (16%) 7.17 ± 5.73 

Pre-menopause 10652 ± 1686 8481 ± 1105 (80%) 2171 ± 838  (20%) 4.34 ± 1.35 

Menopause 11062 ± 2043 8332 ± 1609 (75%) 2730 ± 1226 (25%) 3.50 ± 1.54 

Age-matched 1 10356 ± 1215 7714 ± 1364 (75%) 2642 ± 1018 (25%) 3.51 ± 1.87 

Osteoporosis 2 11517 ± 1865 7837 ± 1449 (68%) 3680 ± 1315 (32%) 2.52 ± 1.34 

Values are mean ± standard deviation expressed in pixel; * Percentage values within round brack- 283 
ets are % of LeanCSA referred to TotCSA; † Percentage values within round brackets are % of 284 
FatCSA referred to TotCSA; CSA: cross-sectional area; 1 Age-matched control group for compari- 285 
son with Osteoporosis group; 2 Osteoporosis: bone mineral density T-score ≤ -2.5 as defined by 286 
World Health Organization. 287 

Figure 2 shows that osteoporotic subjects, when compared with age-matched con- 288 

trols, have an opposite trend of Lean/Fat ratio that is in contradiction with muscle com- 289 

position expressed as mean ± SD (Table 2). In fact, in spite of similar lean mass values, 290 

osteoporotic subjects show a higher amount of fatty mass when compared with 291 

age-matched controls (Figure 3). It would have to account for a more marked decreasing 292 

trend of Lean/Fat ratio. 293 
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 294 
(a)                                         (b) 295 

Figure 2. Lean/Fat ratio of the whole muscle mass area in aging and disease. (a) Age-related de- 296 
creasing trend of Lean/Fat ratio in the whole sample analyzed; (b) Comparison of Lean/Fat ratio 297 
between osteoporotic patients (black) and age-matched control group (gray) showing an increasing 298 
trend (dashed line) for osteoporotic group vs. a decreasing trend (dotted line) for age-matched 299 
controls. 300 

(a)                                        (b) 301 

Figure 3. Composition of paraspinal muscles in aging and osteoporosis. (a) Lean mass (black) and 302 
fatty mass (gray) of paraspinal muscles, represented as mean values of right (R), left (L), and both 303 
(R+L) muscle groups, show comparable values between R and L groups; (b) Lean/Fat ratio of 304 
paraspinal muscles represented as mean value of right (R), left (L), and whole (R+L) muscle area.  305 

3.2. Fractal features of paraspinal muscle 306 

To overcome this discrepancy, another index, lacunarity parameter β, was intro- 307 

duced to analyze fatty infiltration of lean mass. Lacunarity analysis, in fact, provides a 308 

holistic estimate of muscle composition comprehensive of changes occurring at both lean 309 

and fatty muscle mass. In addition, to better characterize fatty infiltration of the muscle, 310 

succolarity was also considered. 311 

As comparable results of muscle composition were obtained for both right and left 312 

paraspinal muscles (Figure 3), additional analyses were performed only on the right 313 

paraspinal muscle group. In particular, parameter  (Lean/Fat ratio) and fractal features, 314 

parameter β (Lacunarity) and parameters µ (Succolarity), were used to quantify fatty in- 315 

filtration of lean muscle area as indices of muscle contractile function.  316 
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Table 3. Fatty infiltration of paraspinal lean muscle mass. 317 

Subjects Young pre-Menopause Menopause Age-matched Osteoporosis P value1 

Lean mass2 8586 ± 1778 7889 ± 1002 7277 ± 1638 6581 ± 1024 6890 ± 1402 0.286 

Fatty mass2 2234 ± 756 2444 ± 732 2894 ± 936 2813 ± 1041 3627 ± 1114 0.046 

Lean/Fat ratio ρ 4.21 ± 1.33 3.57 ± 0.68 2.70 ± 0.76 2.61 ± 0.89 2.08 ± 0.67 0.057 

Lacunarity α 0.900 ± 0.403 0.572 ± 0.350 0.639 ± 0.303 0.672 ± 0.316 0.639 ± 0.420 0.420 

Lacunarity β 0.062 ± 0.039 0.113 ± 0.040 0.101 ± 0.044 0.092 ± 0.041 0.148 ± 0.062 0.012 

Succolarity µ↑ 0.203 ± 0.075 0.243 ± 0.047 0.252 ± 0.070 0.253 ± 0.084 0.264 ± 0.077 0.371 

Succolarity µ → 0.240 ± 0.085 0.288 ± 0.050 0.308 ± 0.070 0.298 ± 0.077 0.298 ± 0.080 0.499 

Succolarity µ ↓ 0.243 ± 0.096 0.275 ± 0.042 0.276 ± 0.072 0.270 ± 0.086 0.283 ± 0.086 0.361 

Succolarity µ ← 0.218 ± 0.080 0.258 ± 0.042 0.267 ± 0.071 0.266 ± 0.084  0.263 ± 0.079 0.470 

Results are mean ± standard deviation; 1 p Values calculated by one-tail t-test for p≤0.05 to compare 318 
differences between osteoporosis and age-matched control groups; 2 lean and fatty mass related to 319 
lean muscle area (LeanCSA); α and β: fractal parameters from our hyperbola model method where 320 
α correlates with fractal dimension and β measures fractal lacunarity; μ, μ, μ, μ→ are the succo- 321 
larity indices for the directions considered. 322 

 323 

Table 3 summarizes results related to the three new indices. Results from fractal 324 

analysis of right paraspinal muscles show that parameter β, related to fatty infiltration, 325 

increases with age and physio-pathological status. In particular, osteoporosis and 326 

age-matched control groups are statistically significantly different (p=0.012) with β values 327 

higher in osteoporosis than in ‘healthy’ aging. These results are consistent with fatty 328 

mass levels found higher in osteoporosis than in age-matched controls, in spite of com- 329 

parable lean mass levels. Figure 4 shows the age-related distribution of fatty infiltration 330 

expressed as lacunarity (parameter β) in the whole sample and in osteoporosis compared 331 

to the age-matched control group.  332 

 333 

 334 

 335 

 336 

 337 

  338 

 339 

(a)                                          (b) 340 

Figure 4. Lacunarity of lean muscle area to estimate muscle fatty infiltration. (a) Age-related in- 341 
creasing trend of lacunarity parameter β in the whole sample; (b) Age related distribution of lacu- 342 
narity parameter β in osteoporotic patient (black circle) vs. age-matched controls (gray circle) 343 
shows similar increasing trend but with values higher in osteoporotic patients than in age-matched 344 
controls.  345 

Figure 5 compares fractal features (lacunarity parameter β and succolarity parameter µ 346 

for the four directions considered) in the groups of different age and physio-pathological 347 

status. Lacunarity can discriminate between osteoporosis and age-matched control 348 

groups  (p=0.012) while succolarity does not statistically change between aging and 349 
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disease. It is worth noting that the groups showing similar lacunarity values (young, 350 

pre-menopause and menopause) can be further discriminate by succolarity that shows 351 

increasing values of parameters µ from young to pre-menopause to menopause. In par- 352 

ticular, the young group statistically significantly differs from both pre-menopause and 353 

menopause groups when succolarity µ↑, µ→, and µ← values are considered (respec- 354 

tively, p values equal to 0.045, 0.035, and 0.049 in young vs. pre-menopause; p values 355 

equal to 0.043, 0.014, and 0.049 in young vs. menopause groups).   356 

 357 

Figure 5. Fractal features of lean muscle area. Lacunarity and succolarity as indices of muscle fatty 358 
infiltration: lacunarity (black) discriminates between osteoporotic patients and age-matched con- 359 
trols but not among the other age and physio-pathologic groups; succolarity (gray scale from dark 360 
to light gray for the four directions, ↑, →, ↓, ←, respectively) shows increasing values from Young 361 
to pre-Menopause to Menopause, the three age/physiopathologial groups showing similar lacu- 362 
narity values. 363 

4. Discussion 364 

In this study we show that fractal analysis can characterize muscle wasting better 365 

than classical methods. In particular, we found that fractal lacunarity, as a tool to esti- 366 

mate fatty infiltration of paraspinal muscles, is able to discriminate between aging and 367 

age-related disease (osteoporosis). In fact, fatty infiltration, as estimated by lacunarity 368 

parameter β, from our method based on hyperbola model function [28,30], increases with 369 

aging and is statistically higher in osteoporotic patients when compared with 370 

age-matched controls.  371 

It is worth noting that, in spite of the age-related increasing trend of lacunarity pa- 372 

rameter β, lacunarity analysis fails in separate the other age/physio-pathological groups: 373 

young, pre-menopause, and menopause. However, succolarity analysis is able to dis- 374 

criminate among these three groups showing a similar lacunarity; parameter µ, used to 375 

quantify succolarity of paraspinal muscle in the four directions, is statistically signifi- 376 

cantly different among the three groups considered. These results are consistent with the 377 

meaning of using succolarity to better characterize fractals showing the same lacunarity 378 

[33]. 379 

The need to consider new approaches to characterize muscle wasting with aging and 380 

pathology stems from the lack of consistency of results on muscle composition based on 381 

classical measurements [38,39]. Our results on paraspinal muscle composition by classi- 382 
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cal measurements confirm an age-related decreasing trend for lean mass and an in- 383 

creasing trend for fatty mass. These results are consistent with those reported in literature 384 

for different muscles [16–20,40]. The high degree of inter-individual variability observed, 385 

however, suggests introducing an alternative index able to put in relation changes, posi- 386 

tive and/or negative, occurring at level of both lean and fatty muscle mass. In fact, both 387 

inter- and intra-lean muscle infiltration of fatty tissue contribute to the reduction of con- 388 

tractile muscle responsible for altered muscle strength. In this study we propose param- 389 

eter ρ, an index representative of the ratio between lean and fatty mass in the whole 390 

muscle area (TotCSA) and in the muscle contractile area (LeanCSA), this last to obtain an 391 

index to provide an estimate of fatty infiltration of contractile muscle from classical 392 

measurements and, therefore, better comparable with the new proposed fractal meas- 393 

urements. Lean/fat ratio results from TotCSA show that parameter ρ is lower in osteo- 394 

porosis group than in age-matched control one. This is consistent with a higher fatty 395 

mass in osteoporotic patients than in age-matched controls in the presence of similar lean 396 

muscle mass in the two groups. Results on parameter ρ from LeanCSA, as an estimate of 397 

fatty infiltration of contractile muscle, confirm higher amounts of fatty tissue in LeanCSA 398 

of osteoporotic patients when compared with age-matched controls in the presence of 399 

similar amounts of lean tissue. This aspect accounts for lean/fat ratio of LeanCSA lower in 400 

osteoporosis group than in age-matched control one. These results suggest that muscle 401 

contractile function is more compromised with osteoporosis than in ‘healthy’ aging. 402 

However, in spite of such a difference between these two groups, parameter ρ is not able 403 

to separate osteoporotic patients from age-matched controls in a statistically significant 404 

manner. Once more, we confirm that classical methods for muscle composition assess- 405 

ment lack of a clear-cut conclusion by stressing the need of alternative more effective 406 

approaches to characterize skeletal muscle wasting in sarcopenia.   407 

It is known that several factors contribute to the physiopathology of sarcopenia; 408 

nevertheless, its etiology has not been defined yet. From literature, it emerges that a 409 

combination of mechanisms affects the normal physiology of skeletal muscle and con- 410 

tributes to the onset and progression of sarcopenia. Loss of regenerative capacity, de- 411 

nervation of muscle fibers, and increased of inter- and intra-muscular infiltration of fat 412 

together with endocrine changes, mitochondrial dysfunction, oxidative stress, and in- 413 

flammation are among the mechanisms that participate to the etiopathogenesis of sar- 414 

copenia [41,42]. Interestingly, as per other tissues or organs, most mechanisms involved 415 

in muscle wasting are strictly related to the aging processes.  416 

Aging is characterized by functional and structural impairments at different levels 417 

and represents a major risk factor for most chronic diseases. Different rates of aging 418 

processes that drive the biological aging of any individuals are responsible for the high 419 

degree of inter- and intra-individual variability even in the presence of a homogeneous 420 

endogen and hexogen environments. Good biomarkers of aging [43,44] are, therefore, 421 

necessary to recognize physiological aging and discriminate between normal and 422 

pathological aging, two main targets of aging studies dealing with aging in good health. 423 

It is worth nothing that there is no gold standard tool to monitor physiological aging, nor 424 

single measurements have been qualified yet as good biomarkers of aging, sensitive and 425 

specific enough to discriminate between normal aging and pathological aging [45].    426 

To give insight into the search of good biomarkers of aging, contradictions and/or 427 

phenomena that appear incomprehensible can be explained in the light of paradigms 428 

such as complexity, chaos, and fractality. As a matter of fact, the marked inter- and in- 429 

tra-individual heterogeneity that characterizes the senescent phenotype can be justified 430 

by assuming the concept that longevity is a ‘secondary product of evolution of a nonlin- 431 

ear dynamic system [46,47]. 432 

Taking in mind that complex systems are strictly dependent upon initial conditions, 433 

in a cohort of living beings, as complex systems [48], even very small differences occur- 434 

ring at certain times are responsible for larger differences in most characteristics of the 435 

individual senescent phenotype later in the life. In fact, life trajectories of individuals in a 436 
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population, although close they may be at birth, will evolve by fluctuating with time and 437 

progressively increasing the variance of their phenotype characteristics, among which is 438 

aging (for more details see [47,49]. The interindividual variability observed in an aging 439 

population is always present independently of how large environmental changes are and 440 

even in the case of genetically homogeneous backgrounds. Genetic-environmental in- 441 

teractions induce unpredictable behavior at the bifurcations, critical points at which life 442 

trajectory can change. Bifurcations, therefore, can represent the source of variability re- 443 

sponsible for the heterogeneity that characterize the senescent phenotype. 444 

According to this new perspective, aging represents the temporal evolution of a 445 

complex system whose nonlinear dynamic behavior is governed by the laws of chaos. 446 

Aging systems are affected by both internal and external environments and evolve with 447 

time by losing complexity [50]. Human biocomplex systems, characterized by a chaotic 448 

behavior, generate the so-called ‘strange attractors’ [51]. They can be observed at critical 449 

points and can be described by fractals; therefore, fractal analysis can be used to describe 450 

biocomplexity and measure changes with aging and pathology [52,53]. The senescent 451 

phenotype, following different trajectories with different kinetics rates, evolves as 452 

pathological aging (fast rate), physiological aging (intermediate rate), or successful aging 453 

(low rate) depending upon specific individual genetic-environmental interactions 454 

[30,49,54]. 455 

In this study we demonstrate once more that fractal analysis represents a powerful 456 

tool to give insight into the search of good biomarkers of aging as it is sensitive enough to 457 

discriminate between physiological and pathological aging. It could also have potential 458 

for discriminating even between age-dependent and age-associated diseases, another 459 

major task dealing with aging well. 460 

As far as in our knowledge, this is one among rare studies aimed to quantify muscle 461 

fatty infiltration [55] and the first study approaching fractal featuring of muscle tissue. In 462 

fact, only muscle contractile function was previously described by fractal analysis of 463 

myographic waveforms [56]. Our results are from the middle axial section of the fourth 464 

lumbar vertebra based on our previous studies on vertebral trabecular bone performed in 465 

this section [28,30,57,58]. The goodness of our choice is also supported by literature in the 466 

field from which it emerges that muscle fatty infiltration generally increases from cranial 467 

to caudal, with the highest values observed at L4 and L5 [55,59,60]. Therefore, in the case 468 

of small variations of fatty infiltration, they could be detected in this site better than in 469 

other sites where fatty tissue is less represented.   470 

Further studies are in progress on muscle fractal features in osteosarcopenia and 471 

bone fragility fracture risk. Improvements of succolarity analysis method are also under 472 

consideration.  473 

5. Conclusions 474 

In this study we demonstrate that fractal analysis represents a powerful tool to 475 

characterize muscle better than classical methods. In fact, lacunarity, by quantifying 476 

muscle fatty infiltration, is able to characterize age-related muscle wasting (sarcopenia) 477 

and to discriminate between normal aging and pathological aging (osteoporosis). Suc- 478 

colarity, the other fractal measure introduced to characterize fractal objects with same 479 

lacunarity, is able to discriminate among the three groups of age and physiological status 480 

(young, pre-menopause, and menopause) showing similar lacunarity values. 481 

The original and innovative method proposed to quantify muscle fatty infiltration in 482 

MR images by fractal indices such as lacunarity and succolarity can find application in 483 

clinical setting as a sensitive tool to diagnose sarcopenia and monitor changes of muscle 484 

fatty infiltration as an index of muscle contractile function. 485 

Last but not least, with this study we further stress the relevance to introduce para- 486 

digms such as complexity, chaos, and fractality in the field of gerontology as they repre- 487 

sent sources to obtain effective tools in the search of good biomarkers of aging and dis- 488 

eases.    489 
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