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Abstract
Accurate quantification of bone, muscle, and their components is still an unmet need in the musculoskeletal field. Current 
methods to quantify tissue volumes in 3D images are expensive, labor-intensive, and time-consuming; thus, a reliable, valid, 
and quick application is highly needed. Tissue Compass is a standalone software for semiautomatic segmentation and auto-
matic quantification of musculoskeletal organs. To validate the software, cross-sectional micro-CT scans images of rat femur 
(n = 19), and CT images of hip and abdomen (n = 100) from the Osteoporotic Fractures in Men (MrOS) Study were used 
to quantify bone, hematopoietic marrow (HBM), and marrow adipose tissue (MAT) using commercial manual software as 
a comparator. Also, abdominal CT scans (n = 100) were used to quantify psoas muscle volumes and intermuscular adipose 
tissue (IMAT) using the same software. We calculated Pearson’s correlation coefficients, individual intra-class correlation 
coefficients (ICC), and Bland–Altman limits of agreement together with Bland–Altman plots to show the inter- and intra-
observer agreement between Tissue Compass and commercially available software. In the animal study, the agreement 
between Tissue Compass and commercial software was r > 0.93 and ICC > 0.93 for rat femur measurements. Bland–Altman 
limits of agreement was − 720.89 (− 1.5e+04, 13,074.00) for MAT, 4421.11 (− 1.8e+04, 27,149.73) for HBM and − 6073.32 
(− 2.9e+04, 16,388.37) for bone. The inter-observer agreement for QCT human study between two observers was r > 0.99 
and ICC > 0.99. Bland–Altman limits of agreement was 0.01 (− 0.07, 0.10) for MAT in hip, 0.02 (− 0.08, 0.12) for HBM 
in hip, 0.05 (− 0.15, 0.25) for bone in hip, 0.02 (− 0.18, 0.22) for MAT in L1, 0.00 (− 0.16, 0.16) for HBM in L1, and 0.02 
(− 0.23, 0.27) for bone in L1. The intra-observer agreement for QCT human study between the two applications was r > 0.997 
and ICC > 0.99. Bland–Altman limits of agreement was 0.03 (− 0.13, 0.20) for MAT in hip, 0.05 (− 0.08, 0.18) for HBM in 
hip, 0.05 (− 0.24, 0.34) for bone in hip, − 0.02 (− 0.34, 0.31) for MAT in L1, − 0.14 (− 0.44, 0.17) for HBM in L1, − 0.29 
(− 0.62, 0.05) for bone in L1, 0.03 (− 0.08, 0.15) for IMAT in psoas, and 0.02 (− 0.35, 0.38) for muscle in psoas. Compared 
to a conventional application, Tissue Compass demonstrated high accuracy and non-inferiority while also facilitating easier 
analyses. Tissue Compass could become the tool of choice to diagnose tissue loss/gain syndromes in the future by requiring 
a small number of CT sections to detect tissue volumes and fat infiltration.

Keywords Intramuscular fat · Image processing · Osteoporosis · Sarcopenia · Osteosarcopenia · Marrow adipose tissue

Introduction

Tissue loss syndromes (i.e., cachexia, osteoporosis, sar-
copenia, osteosarcopenia, and frailty) lead to significant 
changes in the volume and composition of musculoskeletal 
tissues [1, 2]. Considering the aging world population and 
the increasing prevalence of comorbidities and sedentary 
lifestyle, the prevalence of tissue loss syndromes increases 
while predisposing to adverse outcomes such as falls, frac-
tures, disability, and early mortality [3, 4]. Therefore, early, 
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and accurate diagnosis of these conditions and the prediction 
of their associated adverse outcomes are crucial.

Although dual-energy X-ray absorptiometry (DXA) is 
considered the gold standard for the diagnosis of osteopo-
rosis, this method has several pitfalls and limitations [5]. 
In addition, the use of DXA for the diagnosis of sarcopenia 
has been recently questioned by the Sarcopenia Definition 
and Outcomes Consortium (SDOC), in which quantification 
of appendicular lean mass (ALM) was excluded from their 
diagnostic algorithms [6]. Nevertheless, these limitations of 
the DXA do not exclude imaging techniques in general as a 
reliable diagnostic methods for tissue loss syndromes.

Our knowledge of the roles of ectopic fat infiltration in 
tissue loss is expanding. Causative roles for the marrow 
adipose tissue (MAT) and intermuscular adipose tissue 
(IMAT) have been suggested in inducing and aggravating 
osteoporosis and sarcopenia [7, 8]. In addition to its mass, 
the fatty tissue distribution pattern in the body is acknowl-
edged as an indicator of its metabolic properties, including 
the ability to induce general or local lipotoxicity [8, 9]. 
Hence the assessment of three-dimensional (3D) images 
of the body is increasingly appreciated in clinical medicine 
and musculoskeletal research [10], as the two-dimensional 
systems (such as DXA) are currently incapable of accu-
rately assessing fat infiltration and its geography within 
organs or diagnose the degree of adiposity (including in 
non-musculoskeletal tissues, e.g., in fatty liver syndrome).

Computed tomography (CT) scan is one of the main 
noninvasive 3D imaging methods that presents an excel-
lent view of different organs and their composition. This 
imaging technique has been widely used in the assess-
ment and study of osteoporosis and sarcopenia [11–13] 
and to quantify adipose tissue within the muscle, bone [14, 
15], and other organs [16]. To our knowledge, several pro-
grams are available for image analysis and quantification 
of musculoskeletal tissues, such as Analyze (Mayo Clinic, 
Rochester, MN), ImageJ (National Institutes of Health, 
Bethesda, MD), and SliceOmatic (Tomovision, Montreal, 
Canada). These programs provide valuable techniques to 
quantify medical images, but they are primarily manual, 
making them time-consuming, hard to use, and prone to 
operator-dependent error.

Hence, we have developed an application with less opera-
tor involvement which would be expected to be reliable and 
easier to use, and with high accuracy in identifying multiple 
intertwined tissues (such as MAT within bone and IMAT 
in muscle). Here, we validated Tissue Compass against the 
leading manual commercial segmentation software (SliceO-
matic), which has been widely used to quantify tissues on 
medical images and is considered an appropriate reference 
standard method [17–19].

Methods

Image Analysis Software (Tissue Compass)

Tissue Compass was developed based on MATLAB (version 
R2019b: MathWorks Inc., Natick, MA), a widely used plat-
form for scientific calculation, simulation, and development 
of standalone applications. Tissue Compass (Supplemen-
tal Fig. 1) is a standalone desktop application designed to 
analyze images in DICOM, PNG, TIFF, and JPEG formats 
generated by CT, magnetic resonance imaging (MRI), and 
micro-CT imaging devices. There are specific automatic seg-
mentation techniques for five different study areas, including 
left and right hip bone, vertebra, other bones, and muscle 
(Fig. 1). As part of the hip bone segmentation technique, 
the topological distancing and watershed technique has been 
used [20], and the canny edge detection technique was used 
for vertebra segmentation [21] (supplemental video 1). For 
muscle segmentation (supplemental video 2), thresholding 
technique was used by selecting a phantom as a reference 
for muscle, fat, and bone or receiving input from the user 
for these tissues. In addition, Tissue Compass has a highly 
interactive graphical user interface (GUI), making it easy to 
use for operators who are not familiar with image analysis. 
Also, it provides highly interactive editing tools in case the 
results from semiautomatic techniques need editing.

Analysis of a CT section could take between 30 and 100 s 
(Supplemental videos 1 and 2); four different tissues can be 
identified inside the bone or muscle detected by providing 
Hounsfield unit (HU) values for the tissues, and their vol-
umes are quantified automatically (supplemental video 1 and 
2). In addition to semiautomatic segmentation techniques, 
the user can draw several regions of interest (ROI) on the 
image to be analyzed separately. Also, a manual labeling 
option in the software allows the user to label multiple tis-
sues using a highly interactive “brush” in one go (a feature 
that significantly increases image analysis speed, and to our 
knowledge, is unique to this tool). Users can assign (mask) 
different areas inside the labeled ROI to be analyzed sepa-
rately (Fig. 1d and e, j, and k). Also, the software's excellent 
3D visualization feature allows the user to review the labeled 
areas in colored 3D format and control individual tissues’ 
transparency to make them visible through each other (see-
through feature; Fig. 2). This feature is helpful since it gives 
the user a clear view of the tissues’ geometric distribution 
and their associations. For example, bone transparency can 
be decreased to various levels to make MAT and hemat-
opoietic bone marrow (HBM) visible in situ (Fig. 2d and e; 
h and i), or both bone and HBM can be made transparent to 
study the 3D distribution of the MAT (Fig. 2f and g; j and 
k) inside bone or IMAT inside the muscle (Fig. 2b and c). 
These images can be viewed from different angles.
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Animal Study

To determine the validity of Tissue Compass for the quanti-
fication of bone and fat mass versus a gold standard (histol-
ogy), we performed a reanalysis and comparison between 

tissue volumes quantified using SliceOmatic in our previous 
study in male Louvain/c/rqrv (LOU) rats [22]. Considering 
these findings, we have correlated MAT, HBM, and bone 
volume fractions calculated by Tissue Compass vs SliceO-
matic for n = 19 animals using the same rat data.

Fig. 1  Example of the steps involved in segmentation and labeling of 
muscle and bone using Tissue Compass. The main steps for muscle 
analysis are: a, b segmentation and removal of non-target tissues, c 

labeling, d, e masking (optional). The main steps involved in bone 
analysis are: f, g segmentation and ROI editing, h labeling, i spinal 
cord elimination (automatic and optional), j, k masking (optional)

Fig. 2  Example of 3D visualization of images with different levels of 
transparency using Tissue Compass in three separate areas of study: 
a–c abdominal muscle at the L4 level. The colors red and yellow rep-

resent muscle and IMAT, respectively. d–g Left hip, h–k L1 vertebra. 
Colors blue, red, and yellow for the L1 vertebra and left hip repre-
sents bone, HBM, and MAT, respectively
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Human Study

Quantitative CT (QCT) images of the first lumbar verte-
bra (L1 vertebra) and left hip bone (that are conventionally 
studied for the assessment of bone quality) were analyzed in 
images obtained from 100 participants of the MrOS Study 
(website: https:// mroso nline. ucsf. edu). In this study, men 
(n =  ~ 6000, 90% white with a mean age 73 ± 6 years) were 
recruited at six US academic medical centers. To be con-
sidered for this study, men must have been aged 65 or older, 
could walk without the assistance of another person, and not 
have had bilateral hip replacements [23, 24]. Images were 
chosen randomly and analyzed for both bone and muscle. 
MAT, HBM, and bone volumes in hip and L1 vertebra bones 
were quantified using Tissue Compass. Muscle and IMAT 
were quantified in psoas muscles at the fourth lumbar ver-
tebra (L4) level on QCT images of the same subpopulation.

Image Analysis Techniques

Manual Segmentation

Using SliceOmatic (v.5.0), L1 vertebral bodies (9–15 slices, 
depending on size) and left hip bone (2–5 slices) were manu-
ally segmented. For repeatability, only slices that contained 
both trabecular and cortical bone were analyzed in both 
ROIs. For psoas muscle segmentation, only a single QCT 
slice at the L4 level in which the L4 vertebra bone was fully 
visible was analyzed. The brush function of the software 
was used to assign each voxel to any of the tissues of interest 
per their HU. The following HU ranges were used to deter-
mine bone and its components: < 135 for MAT, 136–235 for 
HBM, and > 235 for bone. Also, for muscle labeling, the HU 
thresholds were < − 20 for IMAT, − 20 to 115 for muscle.

Semiautomatic Segmentation

Semiautomatic segmentation was carried out using Tissue 
Compass (Fig. 1). There are four main muscle detection 
steps (Fig. 1a–e): 1—Setting HU or grayscale thresholds 
to detect muscle tissues. The software can automatically 
detect a conventional three-tissue phantom and extrapolate 
accurate thresholds for muscle from the phantom (Fig. 1a); 
2—Excluding non-target tissues (e.g., abdominal organs in 
an abdominal CT); 3—Editing ROIs using the highly inter-
active tools to delete the muscles that are not of interest 
or choose a particular muscle or group of muscles to be 
quantified (Fig. 1b); and 4—Automatic labeling ROI vox-
els (Fig. 1c). A video of muscle segmentation is provided 
as supplemental video 1. Bone segmentation follows three 
main steps (Fig. 1f–k): 1—Automatic detection of the ROI 
(Fig. 1g); 2—Editing the ROI (which is not required if the 
image quality is satisfactory) (Fig. 1g); and 3—Automatic 

labeling ROI voxels (Fig. 1h). A video of bone segmentation 
is provided as supplemental video 2.

One of the researchers (MI) was involved in the develop-
ment of the Tissue Compass software. To test inter-rater and 
intra-rater reliability, two trained researchers blinded to the 
data sources analyzed the images for both animal and human 
studies. After the segmentation process, the number of slides 
was matched between the two segmentation techniques to 
ensure both techniques have assessed identical images. The 
HU thresholds used in this process are the same as manual 
segmentation.

Statistical Analysis

To examine the agreement between Tissue Compass and Sli-
ceOmatic, both programs were used for volumetric analysis 
of L1 vertebra (vertebral body), left hip, and psoas muscle 
at L4 level from 100 subjects. The inter-observer reliability 
was examined for 50 subjects at L1 vertebra (vertebral body) 
and left hip. For the animal study, a sample of 19 micro-CT 
scans of rat femur was used to compare the results of Tissue 
Compass and SliceOmatic.

We calculated Pearson’s correlation coefficient, the 
absolute agreement between the methods using individual 
intra-class correlation coefficient (two-way mixed-effects 
model), and Bland–Altman limits of agreement together 
with Bland–Altman plots. All analyses were conducted 
using Stata 16.1 software (StataCorp. 2019. Stata Statisti-
cal Software: Release 16. College Station, TX: StataCorp 
LLC.).

Results

Animal Micro‑CT Study

Table 1 shows the agreement between Tissue Compass and 
SliceOmatic with r > 0.93 and intra-class correlation coef-
ficient > 0.93 for rat femur measurements. In supplemental 
Fig. 2, Bland–Altman plots illustrate the agreement between 
Tissue Compass and SliceOmatic for rat femur bone meas-
urements. Histology results for rat femur bone were not 
available.

Human QCT Study

Inter‑Observer Reliability (Comparison of Two Investigators 
Using Tissue Compass)

Table 2 shows the agreement between two investigators 
using Tissue Compass with r > 0.99 and intra-class cor-
relation coefficient > 0.99. In Fig. 3, Bland–Altman plots 

https://mrosonline.ucsf.edu
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illustrate the agreement between the two investigators for 
bone measurements in the L1 vertebra and left hip.

Intra‑Observer Reliability (Comparison Between Tissue 
Compass vs SliceOmatic)

Table 3 shows the agreement between Tissue Compass and 
SliceOmatic measured by one investigator with r > 0.997 
and intra-class correlation coefficient > 0.99. In Fig. 4, 

Bland–Altman plots illustrate the agreement between Tis-
sue Compass and SliceOmatic for bone and muscle measure-
ments, respectively.

Table 1  Comparison of 
measurements of Tissue 
Compass and SliceOmatic of 
MAT, HBM, and bone in rat 
femur micro-CT scans

Number of rat femur Micro-CT scans = 19

Area of study Correlation 
coefficient

Bland Altman mean difference and 
limits of agreement

Individual ICC (95% CI)

MAT in rat femur 0.992 − 720.89 (− 1.5e+04, 13,074.00) 0.99 (0.98, 1.00)
HBM in rat femur 0.938 4421.11 (− 1.8e+04, 27,149.73) 0.93 (0.81, 0.97)
Bone in rat femur 0.971 − 6073.32 (− 2.9e+04, 16,388.37) 0.97 (0.90, 0.99)

Table 2  Comparison of MAT, 
HBM, and bone measurements 
in the left hip and L1 vertebra 
from two observers using Tissue 
Compass

Number of QCT scans = 50

Area of study Correlation 
coefficient

Bland Altman mean difference 
and limits of agreement

Individual ICC (95% CI)

MAT in left hip 1 0.01 (− 0.07, 0.10) 1.00 (1.00, 1.00)
HBM in left hip 1 0.02 (− 0.08, 0.12) 1.00 (1.00, 1.00)
Bone in left hip 1 0.05 (− 0.15, 0.25) 1.00 (1.00, 1.00)
MAT in L1 vertebra 1 0.02 (− 0.18, 0.22) 1.00 (1.00, 1.00)
HBM in L1 vertebra 0.999 0.00 (− 0.16, 0.16) 1.00 (1.00, 1.00)
Bone in L1 vertebra 0.999 0.02 (− 0.23, 0.27) 1.00 (1.00, 1.00)

Fig. 3  Agreement between two observers using Tissue Compass for 
MAT, HBM, and bone in a–c Left hip d–f L1 vertebra. The differ-
ence in the plots is the difference between the two observers. Dashed 

lines represent mean difference, and gray area shows ± 1.96 standard 
deviation below and above mean difference
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Discussion

This validation study demonstrated that Tissue Compass 
showed non-inferiority and very similar validity, inter-
observer, and intra-observer reliability compared to com-
mercially available image analyses software (SliceOmatic) 
regularly used to quantify tissue volumes in the musculo-
skeletal system [8, 17, 18]. We have used micro-CT and 
QCT images to validate our software. The micro-CT valida-
tion study was performed in rat femur with excellent agree-
ment between Tissue Compass and SliceOmatic. The QCT 
intra-observer validation was conducted in the L1 vertebra, 
left hip, and psoas muscle (L4 level), in which the agree-
ment was near perfect. The QCT inter-observer validation 
was conducted by two investigators using Tissue Compass 
at separate times for 50 patients in the L1 vertebra and left 
hip with almost identical results.

Tissue Compass was designed to overcome several issues 
previously identified in other image analysis applications, 
including the ability to analyze a sequence of multiple slides 
simultaneously, providing volumetric results and mean, 
maximum, and minimum pixel values for each tissue inside 
the detected ROI. By creating an easy-to-use and fast appli-
cation to detect the most commonly used tissues of inter-
est semi-automatically and automatically and quantifying 
multiple tissues inside selected ROI, we have simplified the 
image analysis process to facilitate the diagnosis of tissue 
loss syndromes.

A single-step 3D visualization of tissues and adjusting 
their transparency to see them through each other to study 
their spatial association is another advantage of Tissue Com-
pass (Fig. 2). The highly interactive GUI of Tissue Compass 
has been designed to enable image adjustments and analysis 
by the minimally trained operator. We successfully trained 
three image-processing-naive operators in < 30 min each for 
bone analyses to confirm this. Tissue Compass implements 
different well-known automatic and semiautomatic segmen-
tation techniques in its segmentation process. Watershed, 

edge detection, and thresholding are a few techniques used 
in the software. In addition, Tissue Compass benefits from 
highly interactive editing tools and a more advanced manual 
segmentation tool than SliceOmatic.

It has been shown that fat and bone volume are inversely 
correlated in human and animal studies [25–27]. Fat infiltra-
tion of bone marrow can have detrimental effects on bone, 
induce osteoporosis, and increase the chance of adverse 
outcomes such as fractures in older adults [28]. Therefore, 
marrow fat can be used as a diagnostic and therapeutic 
approach for osteoporosis since it is independent of other 
fat types inside the body [10, 28]. Moreover, fat infiltra-
tion of muscle (i.e., IMAT) can predict fractures in older 
adults [14, 29]. High levels of fat infiltration in muscle can 
have negative impacts on muscle quality and their response 
to training [30], impaired muscle function [31], and lower 
physical performance [32]. Hence regular measurement of 
IMAT and MAT could become of high importance and value 
in clinical practice.

Compared to other imaging techniques used to quantify 
muscle and bone mass (i.e., CT and Magnetic Resonance 
Imaging), DXA quantifies lean mass after subtracting out fat 
and bone mass, representing an inaccurate measure of mus-
cle mass [33, 34]. Hence, a new image analysis application is 
needed to accurately estimate muscle, bone, and their com-
ponents volume in clinical practice. Our application presents 
a novel method to measure the volume of musculoskeletal 
tissues, which correlates with the gold standard (histology) 
and appears to be fast, simple, valid, and reliable with solid 
potential for future use in clinical and research settings.

We have also demonstrated that Tissue Compass does 
not require a large number of sections to accurately quantify 
bone, muscle, and fat volumes in CT scan images. This is a 
clear advantage since the radiation exposure will be reduced 
to a minimum would this method becomes standard practice 
in the future. In addition, it could become a novel and practi-
cal approach to diagnose not only osteoporosis and sarco-
penia, but also other tissue loss syndromes associated with 
cancer, anorexia nervosa, or malnutrition. Future analyses 

Table 3  Comparison of Tissue 
Compass and SliceOmatic 
measurements of MAT, HBM, 
and bone in the left hip and L1 
vertebra and muscle and IMAT 
in the psoas muscle

Number of QCT scans = 100

Area of study Correlation 
coefficient

Bland Altman mean difference 
and limits of agreement

Individual ICC (95% CI)

MAT in left hip 1 0.03 (− 0.13, 0.20) 1.00 (1.00, 1.00)
HBM in left hip 0.999 0.05 (− 0.08, 0.18) 1.00 (0.99, 1.00)
Bone in left hip 1 0.05 (− 0.24, 0.34) 1.00 (1.00, 1.00)
MAT in L1 Vertebra 0.999 − 0.02 (− 0.34, 0.31) 1.00 (1.00, 1.00)
HBM in L1 vertebra 0.997 − 0.14 (− 0.44, 0.17) 0.99 (0.97, 1.00)
Bone in L1 vertebra 0.998 − 0.29 (− 0.62, 0.05) 0.99 (0.64, 1.00)
IMAT in psoas 0.995 0.03 (− 0.08, 0.15) 0.99 (0.99, 1.00)
Muscle in psoas 0.996 0.02 (− 0.35, 0.38) 1.00 (0.99, 1.00)
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of longitudinal data will be required to quantify the predic-
tive value of Tissue Compass for adverse outcomes in these 
conditions.

Our validation study has some strengths and limitations. 
We have compared our software against the most widely 
used manual image analysis software to quantify MAT and 
IMAT in research settings. We have also demonstrated that 
Tissue Compass is a reliable, simple, and fast (Supplemental 
videos 1 and 2) image analysis method that could be easily 
translated into clinical practice. However, this study has sev-
eral limitations. Due to the inherent limitations of image pro-
cessing techniques, fully automatic segmentation is not pos-
sible by our software or any other one, especially for muscle 
segmentation. However, implementing machine learn-
ing (ML) protocols and incorporating artificial intelligence 
(AI) will facilitate full automation of image processing using 

this software. Implementation of ML may overcome issues 
with low-quality images as well. Also, we only analyzed 
images obtained in male subjects. Although a significant dif-
ference in the validity of the software in women is unlikely, 
a study involving female participants, where fat infiltration 
is more extensive [28], could still be required.

In summary, this work presents a new application for 
semiautomatic segmentation and automatic volumetric 
quantification of medical images. Tissue Compass is a free 
standalone application specifically developed to assess the 
structure of musculoskeletal tissues and fat. Implementing 
AI and ML techniques in the segmentation process and fur-
ther assessment of muscle and bone tissue to predict and 
diagnose musculoskeletal conditions and tissue loss syn-
dromes is the future scope of the research and development.

Fig. 4  Agreement between methods (SliceOmatic vs. Tissue Com-
pass) for MAT, HBM, and bone volume in a–c left hip, d–f L1 ver-
tebra, and g, h muscle and IMAT in psoas muscle (L4 level). The 

difference in the plots is the difference between Tissue Compass and 
SliceOmatic. Dashed lines represent mean difference, and gray area 
shows ± 1.96 standard deviation below and above mean difference
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Supplementary Information The online version contains supplemen-
tary material available at https:// doi. org/ 10. 1007/ s00223- 021- 00914-4.
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