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Introduction: Positioning of the breast during mammography examination is critical to producing op-
timum quality images. However, the variation in female thorax and body habitus may affect
mammography positioning for best image quality. This study aims to establish populational female
thoracic (rib cage) sizes and quantify female body habitus categories.
Methods: A retrospective analysis of 347 female computed tomography (CT) chest axial scans was
retrieved from an open access database to establish female rib cage sizes. Dimensions of the rib cage were
measured digitally across six cross sections with six anterior rib landmark points and recorded in milli-
metres (mm). A Bayesian Network (BN) model was developed to establish the relationships of information
extracted from the rib cage image data to quantify and categorise female body habitus.
Results: Female body habitus (thoracic size) were classified into three cohort categories: lean (20.5 %),
norm (55.6 %) and curvaceous (23.9 %). The mean values (115-126 mm) and the corresponding 80 %
prediction interval ranges for the healthy female rib cage size were obtained through the BN scenario
analysis.
Conclusion: The significance of this study is that it categorised 55.6 % of female thoracic sizes as being
normal on a larger group of female population. This study contributed to a good understanding of the
range of female body habitus (thoracic size) to improve positioning practice and maximise image quality.
Implications for practice: This study used a BN model to establish a range of female thorax sizes using CT
chest images to support improved positioning practices. These ranges of thorax sizes should be inte-
grated as a body habitus criterion in the current image evaluation system to maximise image quality and
subsequent breast cancer diagnosis.
© 2025 The Author(s). Published by Elsevier Ltd on behalf of The College of Radiographers. This is an
open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).

Introduction

more than 2 million (24.5 %) new cases in 2020." Mammography is
an imaging tool used to detect the early signs of breast pathology,

Breast cancer is a disease that causes deaths to millions of
women worldwide. The incidence of breast cancer varies world-
wide; it is the most common cancer diagnosed in females of all
ages representing 1 in 4 cancers with an estimated number of
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including breast cancer. Mammography is accessed in two distinct
settings: screening and diagnostic.’ It can be used to screen
women with no breast symptoms (asymptomatic), and secondly, it
is used for diagnostic screening of women with breast symptoms
(symptomatic). High quality mammography can be achieved at
regular intervals through large scale organized screening pro-
grams in a healthy population of women.? This achievement has
demonstrated successful early detection of breast cancer and
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reduced mortality and morbidity.> Men also can have access to
diagnostic mammography services; however, breast cancer is not a
common health issue among males.*

The two routine positioning techniques used to image the
breast in both the screening and diagnostic settings worldwide are
the craniocaudal (CC) view and the mediolateral oblique (MLO)
view.” The breast is surrounded by a curvilinear thorax with breast
tissue extending from the medial to lateral regions (Fig. 1). The
axillary tail extends laterally and obliquely from the breast pa-
renchyma of the upper outer quadrant (UOQ) into the axilla.® This
confirms the evidence that a maximum breast parenchyma is
located in the UOQ,® which is the region where majority of the
breast cancer occurs.>® The exclusion of breast tissue from the
field of view of both the CC and MLO view may limit the oppor-
tunity to diagnose an early, potentially curable breast cancer.'’
Therefore, inclusion of the maximum amount of breast tissue as
possible using both routine positioning techniques is significant in
reducing the potential of missed breast cancers. However, factors
such as the female thorax size and body habitus may impact on
mammography positioning techniques.

Radiographers understanding of the human body habitus and
its influence on positioning may assist in their decision making to
maximise their positioning techniques. Radiographers' knowledge
in adapting positioning techniques according to various body
habitus should enable them to produce high quality images.
Although body habitus may influence mammographic image
quality (MIQ), obvious consideration of the impact on the size and
shape of the thorax within the literature is limited.'” Silent criteria
have been identified as being used to assess MIQ and may be
reflective of this understanding.”> Radiography textbooks usually
describe asthenic (tall persons with thin thoracic cages) and
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hypersthenic (shorter persons with wider thoracic cages) persons
as the extremes within a population.'>'# Both these body habitus
may result in the need to repeat the images. The approximate
percentage of the total human population for the four types of
body habitus (asthenic, hypersthenic, sthenic and hyposthenic)'4
are shown in Fig. 2. The sthenic and hyposthenic persons reflect
the average or ‘normal’ body habitus and may comprise broad
shoulders and a developed chest.'*

Although evidence reveals the impact of gender and underlying
thoracic pathology,'™'® blunt chest wall trauma'’ and surgical
treatment of malignant thoracic wall tumours'® on the size and
shape of the thoracic wall, no identified literature relates these
variations to mammographic practice. Importantly, there is no
measurement of the female thorax and categories of female body
habitus within a mammography screening population. This study
aims to establish populational female thoracic (rib cage) sizes and
quantify female body habitus categories using computed tomog-
raphy (CT) images.

Method

The computed tomography (CT) chest images reviewed for this
study were acquired using standard CT scanners (GE Medical
Systems, Discovery CT750 HD). A retrospective analysis of a total of
347 de-identified female patient’s CT non-contrast chest axial
images aged 40-75+ were retrieved from the Medical Imaging and
Data Resource Center (MIDRC) database!! to establish the three
female thorax sizes (small, average and large). The measurement
of the length of the thorax using digital software (Digital Imaging
and Communications in Medicine [DICOM]) format was adapted
from the study methodology by Pickard et al.'® Measurement of

Figure 1. An axial computed tomography (CT) slice of the female thorax demonstrating the linear image receptor (orange thick) against the curved thorax. The missing lateral and
medial breast tissue is arrowed (yellow). Source: CT chest data was obtained from the Medical Imaging and Data Resource Center (MIDRC) open access database.'" (For inter-
pretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)
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Hyposthenic (359%)

Asthenic (10%9%6)

Figure 2. Four types of human body habitus. Source: Bontrager & Lampignano (2014).'

the thorax curvature adapted the methodology by Shi et al.,'”

including the baseline model using the rib landmark location and
number distribution of ribs except the use of three-dimensional
(3D) geometry model calculations as a potential limitation. Di-
mensions of the rib cage using digital ruler were manually
measured across six cross sections with three anterior rib land-
mark points (RT Rib1, RT Rib2, RT Rib 3) on the right side of the
sternum and three anterior rib landmark points (LT Rib1, LT Rib2,
LT Rib3) on the left side of the sternum to determine the curvature
of the thorax (Fig. 3). The mean values reflected an average
(normal) female thoracic (rib cage) size, the minus two standard
deviation (-2SD) values reflected the small (leaner) female ante-
rior thoracic size and the plus (+) 2SD values reflected a large
(curvilinear) female anterior thoracic size. All measurements were
recorded in millimetres (mm) and rounded to the nearest one
decimal place.

All CT chest images in DICOM format used in this research are
in public domain and the accesses of these databases were
approved by the database owners and their respective in-
stitutions.!! Data access is free to registered users from academia
and government. As such: (1). data analysed in this study was
anonymised to protect patient identification and complied with
data governance standards more robustly; and (2). informed
consent was obtained prior to data collections by the respective
database owners.!!

BreastScreen Australia (BSA) recommends biannual screening
of asymptomatic women aged 50-69 years.”’ However, women
aged 40-49 years and 70 years and above are also able to access the
screening program. The CT chest images reviewed in this study
population reflected asymptomatic women aged 40 years or over.

By using the open source DICOM viewer, the following character-
istics of each variable were recorded: participants, image series,
population, study year and age. Computed tomography (CT) chest
images of female patients' aged 40-75-+ were randomly selected in
establishing a range of female thorax sizes. Personal information
was limited to demographics including gender, age and ethnic
population. From 2021 to 2022, there were 588,682 women aged
40-75+ years screened at BreastScreen (BS) NSW.?! The ideal
sample size of CT chest images of women based on 95 % confidence
interval (CI) in this study was 384% and could reflect the BS NSW
screening female population aged 40-75+2!. Only 347 images
were retrieved in this study with a minor difference of 37 (n = 37)
to meet the requirement of 95 % CI and to validate statistical power
of quantifying body habitus categories in a female screening
population. CT images excluded from the study included patients’
that have other chest pathologies, spinal trauma or rib anom-
alies,”> ! pectus deformities,”> congenital anomalies of the ante-
rior thoracic wall,>* pectus excavatum (depressed sternum),'®>°
male chests, and no age given.

Results

Raw data were collected and imported into Microsoft Excel for
further analysis. Descriptive and exploratory statistical analyses
were performed using the free professional Statistical software R
(version 4.2.2)?° for preparing the data for the development of the
Bayesian network model.

Originally developed as a modelling tool from artificial intelli-
gence since late 1980s, today Bayesian Networks (BNs) have found
their applications range across the sciences, industries and
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Figure 3. An axial computed tomography (CT) image showing the measurements of each rib landmark points in a healthy female. The measurements started from the anterior
thoracic spine and ended at the centre or tip of each of the three rib landmark points on the left and right side of the sternum. The measurement of the sternum started from the
anterior thoracic spine and ended at the centre or tip of the sternum. Abbreviation: RT, right; LT, left; mm, millimetre.

government organizations.”’>° Formally, a BN model is a graph-
ical representation, i.e., a directed acyclic graph (DAG), of a joint
probability distribution of a set of random variables in which each
variable is represented by a node and the dependency relationship
is represented by a link/edge for two associated variables.?’?
Bayesian Network was so named because it can be considered as a
mechanism for automatically applying Bayes' theorem to complex
problems. The Bayes Theorem (or Bayes Rule) is a mathematical
statement which expresses the interrelationships between the
conditional, marginal, and joint probability distributions of
random variables as defined in the following formula®®:

Pr(A|B)Pr(B) Pr (A.B)
PrBA =54 = Prea)

where,

e A and B are two random variables/events;

e Pr(A) and Pr(B) are the marginal probability distributions of A
and B, respectively;

e Pr(B|A) is the conditional probability distribution of B given A;

o Pr(A|B)is the conditional probability distribution of A given B;
and

e Pr(A, B) is the joint probability distribution of A and B.

In a complex model that involves many variables, through the
Bayes Theorem, a BN model quantifies the local dependency re-
lationships between a variable (node) and its parent variables
(nodes).?”?® Then all local dependency relationships are inte-
grated based on the probability chain rule so that the joint dis-
tribution of the global (i.e., overall) interrelationships among all

variables can be determined/characterised.?”?® Fig. 3 showed the
pink-coloured nodes corresponding to the sectional layout of
measurement scheme and Fig. 4 presented the derived BN model
of female rib cage size and quantified categories of body habitus.

While the traditional regression analyses allow us to examine
an outcome/dependent variable is associated with one or more
predictor/independent variables under a conditional probability
distribution framework, a BN model enables a researcher to
investigate the associations between any subset of variables and
the remaining variables in the model.?®>! More specifically, a BN
model enables inferential ‘scenario analysis’ by fixing the values of
selected variables and predicting the values of the remaining
variables. That is, any variable(s) (the basis for defining a scenario)
can be selected to analyse the remaining variables in the model.
Hence, the interactive BN model allows for various inferential
analyses to be performed by assuming different scenarios in terms
of the ‘findings’ of other variables. To answer the research ques-
tions of this study, scenario analyses were performed to investi-
gate the patterns of the female rib cage size (RT Rib 1, RT Rib 2, RT
Rib 3, Sternum, LT Rib 3, LT Rib 2, LT Rib 1). The analysis results
have been numerically summarised in Table 1. Some examples
pictures were provided in Appendix to show the details of how the
numeric values presented in Table 1 could be extracted from the
BN scenario analysis. Descriptive statistics were also required to
summarise other numerical characteristics of the data set,
including age category.®” Majority of the chest images reflect
White Caucasian (74.9 %) and Black or African American (19.3 %)
females aged 40-89 years (Fig. 4). Female rib cages were cat-
egorised into three types with quantified percentages; lean
(20.5 %); norm (55.6 %) and curvaceous (23.9 %) (Fig. 4). The
classification into three body types was derived from a Multiple
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Figure 4. A Bayesian Network (BN) model of female rib cage size and quantified categories of body habitus. Each variable in a BN model is represented by a node. The link between
two nodes represents the dependency relationship between two variables. The middle column of each node is a percentage totalling 100 %, representing the analysis outcomes of
each level within a node. The last column is a graphical representation of the percentage values for each level, which are shown as distribution bars. The vertical dotted lines are
markers, which are equally spaced to aid in visualising the comparative heights of the distribution bars. Abbreviation: RT, right; LT, left; AntTSection, Anterior thoracic section.

Correspondence Analysis (MCA) performed in R>3 and the
resulting classifications were used as one of the variables in the
development of the BN model. The classification criterion in MCA
is based on minimizing within-cluster inertia and maximizing
between-cluster inertia.>*

Discussion

Based on the 347 images that were retrieved in this study, the
development of the BN model has followed the sampling-subject-
oriented approach with the image’s ID as the target variable for the
specification of the model structure® and the most widely used
and scholarly accepted commercial BN software package Netica
was employed to build the BN model.>> As argued in Xie et al.,*°
the BN model derived from the sampling-subject-oriented
approach best represents the information contained in the image
data in the sense that the model’s in-sample prediction results
have a minimal error rate assessed by Netica’s ‘Test With Cases’
function.> Fig. 4 presented the derived BN model of female rib
cage size and quantified categories of body habitus. As shown in
Fig. 4, the BN model included 14 nodes/variables, and the pink-
coloured nodes corresponded to the sectional layout of measure-
ment scheme shown in Fig. 3. The information of the 347 female
thorax images was compactly summarised in the eight pink-
coloured nodes in Fig. 4. It showed that seven numeric measures
(length and curvature) of the thorax using CT chest images (RT Rib
1, RT Rib 2, RT Rib 3, Sternum, LT Rib 3, LT Rib 2, LT Rib 1) were
taken at each one of the six levels of the anterior thoracic spine
sections. The measurement values of each of the seven variables
had been divided into seven roughly evenly distributed intervals
and the mean and standard deviation values were shown in the
bottom part of each node. The splitting of each numeric variable

into seven groups was done to determine the length and curvature
of the thorax. The classification into three body types was derived
from a Multiple Correspondence Analysis (MCA) performed in R3*
and the resulting classifications were used as one of the variables
in the development of the BN model. The classification criterion in
MCA is based on minimising within-cluster inertia and max-
imising between-cluster inertia.>*

The Bayesian network (BN) model in this study can be used as a
decision-making tool to facilitate the screening and diagnostic
settings to implement in BS facilities. For example, given a set of
new measurement values (RT Rib 1, RT Rib 2, RT Rib 3, Sternum, LT
Rib 3, LT Rib 2, LT Rib 1), the BN model can return the best esti-
mated categorisation result (Lean, Norm, or Curvaceous) for the
image case in concern. In the present study, female body habitus
(thoracic sizes) were quantified into three categories (Fig. 4): Lean
(20.5 %); Norm (55.6 %) and Curvaceous (23.9 %). The categories for
normal female body habitus (55.6 %) are almost similar to 50 % of
the total human body habitus reflecting the sthenic (average/
normal) body habitus.'* This finding is novel since it demonstrates
that more than half of the normal female body habitus falls under
the same category as the normal human body habitus in a larger
population. The categories for lean female body habitus (20.5 %)
and curvaceous or wider female body habitus (23.9 %) greatly
differs from the total human body habitus category (asthenic
[lean] = 10 % vs hypersthenic [wider] = 5 %), respectively as
defined by radiography text.'>!* The difference in these findings
could partly be influenced by gender differences (male vs female),
age differences, total population and the approach used in quan-
tifying the thoracic sizes.'®°637 Despite these differences, results
of the present study facilitated a good understanding of the range
of female body habitus (thoracic size) to improve mammography
positioning practice and maximise image quality. Establishing a
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(94.1, 136.5)
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(1262, 172.7)
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(133.9, 188.2)

Lean (mean) Average 109 108
Lean (80 % interval) Average (71.3,131.5) (61.6, 133.5)
Norm (mean) Average 120 123
Norm (80 % interval) Average (80.1, 151.6) (71.4, 149.4)
Curvaceous (mean) Average 127 140
Curvaceous (80 % interval)  Average (84.9, 165.5) (88.6, 184.1)
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Table 1
The Bayesian Network (BN) model estimated mean values and the corresponding 80 % prediction interval ranges for the healthy female rib cage size.
AntTSection RT_Rib1 RT_Rib2 RT_Rib3 Sternum LT_Rib3 LT_Rib2 LT_Rib1

Lean (mean) 74.6 64.2 51.3 49.5 49.5 68.3 72.0
Lean (80 % interval) (469,103.1)  (36.7, 89.9) (25.8, 81.6) (25.5, 69.9) (25.5, 69.9) 45.5,89.2) (46.3, 99.4)
Norm (mean) 76 65.9 54.8 53.7 53.6 69 72.8
Norm (80 % interval) (47.3,1034)  (37.0,97.1) (26.4, 91.6) (26.3, 87.6) (26.1, 89.5) (45.6, 91.0) (46.4, 101.0)
Curvaceous (mean) 79.4 76.7 70 72 70.5 78.2 80.3
Curvaceous (80 % interval) (48.0,108.8)  (39.8,109.1)  (30.9,103.4)  (32.6,101.5)  (30.9,105.0)  (47.5,109.7)  (48.5,107.6)
Lean (mean) 102 103 93.7 914 92.2 103 102
Lean (80 % interval) (72.6,1203)  (774,1232)  (709,1207)  64.4,119.1) (64.4,122.7)  (75.5,1269)  (66.9, 123.3)
Norm (mean) 107 113 104 103 105 112 109
Norm (80 % interval) (96.2,121.3)  (94.9,1282)  (77.6,1250)  (77.2,123.9)  (77.5,127.1)  (94.1,127.5)  (95.6, 121.9)
Curvaceous (mean) 113 124 129 126 129 126 115
Curvaceous (80 % interval) (97.6,130.1)  (104.8,138.4) (1102, 143.8) (105.8,145.1) (112.8,147.8) (107.2,140.9) (98.7, 130.0)
Lean (mean) 113 118 117 113 120 120 116
Lean (80 % interval) (98.0, 126.0) (98.5, 134.0) (84.6, 140.1) (82.4,134.6) (89.5, 139.9) (96.2, 139.9) (97.6, 131.3)
Norm (mean) 119.6 130 134 131 137 134 124

(112.2, 135.4)
132

(113.5, 161.2)
121

(111.4, 132.9)
134

(121.2, 150.6)
143

(119.6, 173.6)
125

(111.6, 136.1)
140

(1245, 167.1)
153
(130.3,177.2)
123

(103.0, 137.9)
142

(125.0, 170.3)
154

(130.8, 177.4)
110

(68.2, 132.4)
120

(77.2, 148.3)
130

90.8, 171.0)

Abbreviation: RT, right; LT, left; AntTSection, Anterior thoracic section. Note: Light gold colour represents the average female thorax size at each one of the six levels of the

anterior thoracic spine sections revealing slight variations in rib cage dimensions.

range of female thoracic sizes supports understanding of best
practice positioning of females that do not fit the ‘norm’ in terms of
body habitus.

The Bayesian network (BN) model in the present study esti-
mated mean values and the corresponding 80 % prediction interval
ranges for the healthy female rib cage size (Table 1, Fig. 3). The
average female thorax size at each one of the six levels of the
anterior thoracic spine sections revealed slight variations in rib
cage dimensions (Table 1): RT Rib1 =120 mm; RT Rib2 = 123 mm;
RT Rib3 = 119 mm; Sternum = 115 mm; LT Rib3 = 120 mm; LT
Rib2 = 126 mm; and LT Rib1 = 120 mm. These slight variations in
female rib cage dimensions could reflect the slow changes in the
growth of each rib overtime but do not reflect the true thoracic
sizes of male, children or adult individuals with chest wall de-
formities.>® These findings differ from previous studies*®>’ inves-
tigating the impact of human characteristics on rib cage geometry.
Kent et al.*” revealed a significant relationship between rib angle,
age and body mass index (BMI) from CT scans of 161 patients.
Another study by Gayzik et al.>® developed a statistical model for
quantifying the age-related rib cage shape change using landmark
data from 63 male subjects. Their study found that older males
generally had flatter rib angles and greater kyphosis on the thoracic
spine. Furthermore, Shi et al.'® identified 464 landmarks on each of

their 89 subjects and revealed significant effects on rib cross-
sectional area using a linear mixed model except for BMI. The dif-
ference of results in these studies'”*%>” compared to the present
study relates to the total population studied and the approach used
in measuring the rib cage dimensions. The present study used BN
model to quantify rib cage dimensions of a larger female population
(n = 347) aged 40-89 years reflective of a mammography screening
population®?! whilst these same studies'®*®3’ used 2D and 3D
geometry calculations of both adult male and female rib cage of a
smaller population. Whilst these differences are crucial for these
previous studies'®>%7 in addressing their study aim, the results in
the present study are also significant in that it evidences for the
first time the true range of thoracic profiles of a larger female
population. This novel finding supports understanding of best
mammography positioning practices to minimise the impact of
missing breast tissue and enhances breast cancer detection.

This is the first study establishing the true range of female
thoracic sizes and quantified female body habitus in a larger
population and adds to the limited body of knowledge in radiog-
raphy. The use of a BN approach is superior in predicting the
quantified female thoracic profile to compare with the established
range of the total human body habitus categories defined by
radiography educational text.'”'* However, this is a typical
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observational study based on a convenience sample of 347 CT
images. Hence, the limitation in the study acknowledges that the
majority of the female population reflect White Caucasian and
Black or African American females aged 40-89 years and results
may not represent a true wider global female population. Finally,
demographics are not the focus of this study but may be noted as a
confounding factor impacting the interpretation of the analysis
results of this study.

Conclusion

The significance of this study is that it categorised 55.6 % of
female thoracic sizes as being normal on a larger group of female
population. A BN model was used to quantify thoracic sizes of a
larger female population aged 40-89 years reflective of a
mammography screening population. A better understanding of
the impact of the thorax on image quality will support improved
positioning practice and improved accuracy for breast cancer
diagnosis. A lack of body habitus criteria in image evaluation
system (IES) highlights an urgent need for screening and diag-
nostic settings to implement in BS facilities. This range of thorax
sizes should be integrated as a body habitus criterion in the cur-
rent IES to maximise image quality and enhance subsequent breast
cancer diagnosis.

The current analysis results are based on one set of sample data.
Hence, the same study should be repeated in different areas by
different research team by following the same protocol of the
study design and modelling approach. By collecting multiple set of
sample data for the quantification and classification of female’s
body habitus, the current modelling results can be updated
accordingly and the validity of the generalisation of the analysis
results will be better established/further consolidated. Whilst
demographic limitations are acknowledged, the lack of ethnic di-
versity and the exclusion of certain chest conditions limit broader
applicability. These issues could be further explored in future
research. The BN model in this study can be used as a decision-
making tool to facilitate the screening and diagnostic settings to
implement in BS facilities. Further study on how thoracic size
directly correlates with image quality in CC and MLO view using
practical mammography datasets is highly recommended. While
this study quantified a range of female body habitus categories,
further research is needed to determine the impact of the thorax
size and how this impacts breast tissue inclusion during CC and
MLO positioning.
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