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Abstract
Background: Osteoporosis is an ailment with decremented quality and density of the bone. Bone mineral density measurements were
performed by dual energy x-ray absorptiometry (DXA) which is used in the diagnosis of osteoporosis. Objective: The main objectives of
the study are (i) To evaluate low bone mass in South Indian women by means of Fuzzy Local Information Clustering Means (FLICM) with
respect to diagnosis of low BMD in a comparative perspective with DXA. (ii) To Assess the capability of manual as well as CAD
measurements in the evaluation of osteoporosis. Methodology:  In this study an semi-automated Computer Aided Diagnosis (CAD)
system for osteoporotic risk detection using digital radiographs was presented. The radiograph was intensified, the measured bone
indicies such as periosteal and endosteal width were measured and the femur shaft cortical thickness (FS-CCTSA) and percentage cortical
thickness of femur shaft FS-CCTSA (%)  was calculated. Combined cortical thickness of femur shaft has been used in the derived regression
formula to predict total hip BMD (T.BMD) and compared with T.BMD by DXA. Results: The combined cortical thickness of femur shaft of
total studied population and the old aged population was strongly correlated (p<0.01) with DXA femur T.BMD measurements. The
empirical formula was identified as a better tool for predicting low bone mass in total population and old-aged population with a
sensitivity (85.7 and 94.7%), specificity (86.6 and 87.5%), positive predictive value (90 and 94.7%) and negative predictive value (81.2 and
87.5%), respectively. Conclusion: The results suggest that the derived empirical formula is useful and better index than other simple
radiogrammetry measurements in the evaluation of low bone mass. An automated CAD tool could be implemented by involving standard
conventional digital x-rays of other skeletal sites, namely clavicle and forearm will be useful as a cost effective mass screening tool in the
evaluation of low bone mass.
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INTRODUCTION

Osteoporosis is a metabolic bone disorder characterized
by reduced bone mass and deterioration of bone
architecture1. Bone fragility and susceptibility to a fracture are
increased due to resorption of bone2-5. The clinical diagnosis
of osteoporosis is typically based on the measurements of
bone  mineral  content/density  (BMC/BMD)  by  dual-energy
x-ray absorptiometry (DXA)6.

Over the last few decades, several studies have been
reported toward understanding the role of cortical bone
properties in determining the status of bone health and
efficacy of treatment. Cortical bone properties, such as BMD
and cortical bone thickness have been proved to be highly
related to bone turnover under bone diseases such as
osteoporosis7,8.

The process which contributing to bone loss is a decrease
in cortical bone, mainly caused by increased porosity from
both an increase in resorption cavities and an accumulation of
incompletely closed osteons with aging9. The mid-diaphyseal
femoral cortex has shown clear and predictable patterns of
porosity changes with increasing ‘biological age’ and distinct
sex differences in this process, a process that ultimately leads
to cortical thinning10.

The BMD of the hip actually refers to the femoral neck
BMD or total hip BMD in which the total hip BMD has better
precision  than   femoral   neck   BMD11.   Cortical  thickness of
the   proximal   femur  shaft  decreases  with age12. The
subtrochanteric fractures are a subcategory of diaphyseal
fractures, occurring within 3  cm below the lesser trochanter13.

Radiography can be used to analyze both trabecular
structure and bone geometry and information on bone
density may be obtained using appropriate image analysis
techniques14. From the hip geometry, the manual cortical
femoral diaphysis approximates a cylindrical beam and its
geometric properties can be calculated from measurements
of cortical dimensions to give evaluations of bone quality in
addition to those derived from bone mineral measurements15.
Napoli  et  al.16  studied the outlines of the inner and outer
edge of the four cortices of the proximal femur shaft (medial
and lateral, left and right) were measured from the lesser
trochanter and using the image J (Image processing and
analysis using java) software, the bilateral medial and lateral
cortical width were calculated. Finite Element Analysis (FEA) of
hip fracture model using CT image is a promising tool to
enhance the prediction of future osteoporotic fracture risk in
people17,18.

An algorithm was developed to evaluate the femur
Cortical Bone Thicknesses (CBT) from the areal bone mineral
density  (aBMD)   profile   of   the   cross-section   at  the  medial

(inferior) side and the lateral (superior) side from clinical hip
DXA19. The endocortical diameters and cortical thicknesses
were assesed by utilizing the estimations of cross-area and the
mean cortical thicknesses which is based on a structural model
of the hip20.

In India, the assecebility of DXA machines is limited and
the cost is also very high, so mostly radiographs are preferred
in diagnosis purpose due to it’s low cost and it can be
affordable to common people.

The  main  objectives  of this study were listed as follows:
(i) To develop semi automated computer diagnostic approach
for the measurement of femoral shaft cortical thickness in the
evaluation of low bone mass and (ii) To establish an empirical
formula to predict total hip BMD (g cmG2) using simple femoral
shaft radiogrammetry with good accuracy.

MATERIALS AND METHODS

Subjects: The study is an approach related to osteoporosis
within the framework of public health. A free screening camp
for  osteoporosis  was  organized  in  2010,  in collaboration
with the SRM Hospital and Medical Research Centre, SRM
University, Kattankulathur, Chennai, India. The Department of
Health Care Ethics, SRM University approved the study
protocol after careful evaluation. Subjects provided necessary
information through a self prepared questionnaire concerning
a wide range of general health and socioeconomic factors.

In  this  study,  36  South  Indian  pre-menopausal  and
post-menopausal women, whose age ranged from 30-90 years
(Mean±SD  age  =  52.83±12.94  years)  were  participated.
None of them had chronic illnesses significantly impairing
their functional ability or recognized disorders of calcium
metabolism. Also none had a history of alcohol abuse or drugs
which would have a negative impact on bone. The ratio of
body weight in kilogram to the square of body height in meter
was used to calculate Body Mass Index (BMI).

Mesurements
Proximal femur DXA scan: The BMD (g cmG2) at the right
proximal femur of each woman was measured by a standard
DXA bone densitometer (DPX prodigy, DXA scanner, GE-lunar
corp., USA) using standard protocol by a well trained
radiographer with good experience. The BMD at following
regions of interest were measured quantitatively by the
dedicated software provided by the manufacturer: (1) Neck
region (N.BMD), (2) Ward’s triangle (W.BMD), (3) Trochanter
(Tr.BMD), (4) Shaft (S.BMD) and (5) Total hip (T.BMD). The
T.BMD was considered for the diagnosis of osteoporosis in the
total study population.
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Digital right hip x-ray: In each woman, a standard digital right
hip anterior-to-posterior (AP) view x-ray was taken using the
x-ray machine referred with an x-ray tube voltage and tube
current of 25-30 Kvp and 25-30 mAs, respectively at film tube
distance of 100 cm. While taking x-ray the right femur was
rotated internally by 15E.

Study groups: The following approaches were used to
subdivide the total women studied:

C Approach-I: Based  on  subject’s  (age),  women  were
sub-divided into two groups as follows:
C Group-I:  Young  women,  aged  less  than  50  years

(n = 9, Mean±SD age = 36±5.52 years)
C Group-II: Older  women,  aged  50  years  and  above

(n = 27, Mean±SD age = 58.44±9.22 years)
C Approach-II: Out of various ROI’s of DXA scan in the

proximal femur, T.BMD (g cmG2) was used in this study for
classifying the women according to WHO’s diagnostic
criteria   (1994)   for   osteoporosis.   The   classification  by
T-score was carried out using a measured mean value of
1.052  (g  cmG2) and apopulation SD of 0.152 (g cmG2) for
T.BMD in young normal women aged 25-35 years21. Using
the diagnostic criteria, women were divided into two
groups as follows:
C Group-I: Normal (those with T-score$-1) (n = 15,

Mean±SD age = 45.6±10.74 years)
C Group-II:  Low  bone  mass  (those  with  T-score

above-1),  (n = 21, Mean±SD age = 58±12.04  years)

Digital image analysis
Manual approach: The manual measurement of femur shaft
was done by DICOM viewer which was used to analyze the
digital hip x-ray. The right hip x-ray region of interest was
estimated at 3 cm below the lesser trochanter were measured
using a ruler tool with an accuracy of 0.01 mm. At the region
of interest the femoral periosteal shaft width (FSWM) and
femoral  endosteal   shaft   width   (FswM)   were  measured
manually using dicom viewer separately21. From these
measurements the following bone mass indices were
calculated as follows:

C Combined      cortical       thickness      of      femur    shaft
FS-CCTM = (FSWM-FswM)

C Percentage of combined cortical thickness of femur shaft
FS-CCTM (%) = (FSWM-FswM/FSWM)×00

Semi-automated approach: The acquired right proximal
femur images are stored in DICOM (digital imaging and
communications in medicine) format. The detailed flow
diagram of the proposed CAD system is shown in Fig. 1.

Edge detection and clustering are the two basic
segmentation methods among the various techniques. Edge
detection is to identify the image brightness discontinuities
along the edges where the intensity tends to change sharply.
Canny edge detection is a technique used for detecting the
edge in an image. Clustering is a process where data set is
replaced  by  clusters,  which  are  collections  of  data  points
that "belong together". In image segmentation the image
clustering is the representation of an image in terms of
clusters of pixels that "belong together". The study is an
enhanced form of edge detection methodology that aids to
obtain the best results22.

In this proposed system the input image is pre-processed,
where the image was subject to contrast enhancement and
the key point of the enhanced image is set below the lesser
trochanter. Then the Region of Interest (ROI) is measured in
the image is automatically cropped around the femur shaft
region. 

Image segmentation is a process of dividing an image
into different regions such that each region is nearly
homogeneous. Here the cropped image is subjected to Fuzzy
Local Information Clustering Means (FLICM) segmentation
algorithm were iterative clustering method will produce an
optimal c partition by minimizing the weighted within group
sum of squared error objective function23.

The clustering method will have the novel fuzzy factor Gki

were:
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The factor Gki is completely free of using any parameter
that controls the balance between the image noise and the
image details. The control of this balance is automatically
achieved by the fuzziness of each image pixel (both spatial
and gray level). The dij is the spatial Euclidean distance
between pixels i and j and the factor Gki makes the influence
of the pixels within the local window to change flexibly
according to their distance from the central pixel. Thus more
local spatial information can be used. The important
component of a clustering algorithm is the distance measure
between data points.

The FLICM incorporates local spatial and gray level
information into its objective function, the algorithm
composed of the following steps:
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Establishment of an
empirical formula 

Prediction of T.BMD (g cm )G2

Digital radiograph of right hip Pre-processing

Manual crop at lesser trochanter Selection of ROI

Image segmentation

Extracted geometrical properties
Detecting the area of segmented image
Extracting inner and outer region of  
femur shaft 

Measured parameters

C Periosteal width of femoral shaft
   (FSW ) (mm)SA

Endosteal width of femoral shaftC 
   (FSWSA) (mm)

Derived bone mass indices

C Combined cortical thicknes of femoral 

    shaft (FS-CCT ) (mm) SA

 Percentage combined cortical thicknesC
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C
C

FLICM segmentation

Edge detection

C
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Fig. 1: Flow diagram depicting the semi-automated image analysis of right hip radiograph

Step 1: Set the number ‘c’ of the cluster prototypes,
fuzzification parameter ‘m’ and the stopping
condition".

Step 2: Initialize randomly the fuzzy partition matrix
Step 3: Set the loop counter b = 0.
Step 4: Calculate the cluster prototypes using the following

Eq. 2 ‘vk’:
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Step 5: Compute membership values using ‘uki’:
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Step 6: If    max    U   (b)-U(b+1)< "  then   stop,   otherwise,  set
b = b+1 and go to cluster prototype.

Then the clustering algorithm will partition the image into
four clusters, the best among the four will differentiate the
required outer layer and the inner core region of the femur
shaft in the cropped image. The boundary tracking of the
partitioned image is done by canny edge detection
algorithm24.
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The algorithm process is done by following the steps:

Step 1:Smoothening the original image.
Step 2:Finding the intensity gradient level of the image.
Step 3:Apply non maxima suppression in the image.
Step 4:Apply thresholding and track the edges of the image.

This technique is applied to the best cluster where it fills
the holes on the edge detected image and extracts the inner
and outer portion. The extracted features from the femur shaft
will calculate the binary areas of the cropped image and the
following bone mass indices such as outer periosteal width
femur shaft (FSWSA) and the inner endosteal width of the bone
(FswSA) were measured.

From these semi-automated measured parameters the
bone mass indices such as, the combined cortical thickness of
femur shaft (FS-CCTSA) and percentage of combined cortical
thickness of femur shaft (FS-CCTSA) (%) were calculated. The
calculated  bone  mass  indices and age is used to predict the
T.BMD from the derived empirical formula. The technique was
implanted in Mat lab software (R2012a version) which was
used on the platform with windows 7 background with 4 GB
of RAM.

Statistical analysis: The data was performed with the SPSS
version  17.0  (SPSS   Inc.,   Chicago,   USA).    Mean±SD   values

of  the  various  measurements  were  calculated in each
group/approach.  Association  between  variables  was
investigated by correlation and multiple linear regression
analysis. Student’s t-test was used to compare the Mean±SD
values of each variable between groups/approach.

RESULTS

Digital femoral shaft radiogrammetry: Figure 2 and 3 show
the femoral shaft width measurement done in digital x-ray of
a  sample  woman  having low bone mass by manual and
semi-automated-radiogrammetry approaches.

Statistical correlation:  All women combining both normal as
well as low bone mass (n = 36, Mean±SD age = 52.83±12.94
years): Table 1 shows the statistical correlation matrix between
measured femoral shaft radiogrammetry variables compared
with BMD variables by DXA in total study women. The T.BMD
negatively correlated (p<0.01) with subject’s age (r = -0.61)
and positively correlated  (p<0.01)  with  body  weight  (kg) 
and  BMI  (r  =  0.54  and r = 0.47, respectively). The T.BMD
measured DXA was correlated statistically significant (p<0.01)
with the following radiogrammetry variables measured by
both   manual  and   semi-automated  methods:   (i)  FS-CCTM

(r = 0.57), (ii) FS-CCTM (%) (r  = 0.68), (iii) FS-CCTSA (r = 0.60) and
(iv) FS-CCTSA(%) (r = 0.66). The other parameters were not
significantly correlated with T.BMD.

Fig. 2: Manual femoral shaft width measurement in a sample woman having low bone mass (FSWM = 30.10 and FswM = 16.10 mm)
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Fig. 3(a-i): Semi-automated femoral shaft width measurement in a sample woman having low bone mass, (a) Input image with
selected ROI, (b) Cropped ROI image, (c) Cluster-1 image, (d) Cluster-2 image, (e) Cluster-3 image, (f) Cluster-4 image,
(g) Outer extracted boundary image, (h) Total extracted boundary image and (i) output image measurements shows
FSWSA = 31.12 mm and FswSA  = 17.66 mm 

Table 1:  Correlation matrix for the different variables in total women studied (n = 36)
DXA (Right proximal femur)
-----------------------------------------------------------------------------------------------------------------

SI No. Methods Variables N.BMD (g cmG2) W.BMD (g cmG2) Tr.BMD (g cmG2) S.BMD (g cmG2) T.BMD (g cmG2)
1 Demographic features Age (years) -0.62** -0.61** -0.55** -0.59** -0.62**

Body height (cm) 0.32 0.20 0.15 0.21 0.22
Body weight (kg) 0.51** 0.39* 0.46** 0.56** 0.54**
BMI (kg mG2) 0.37* 0.32 0.42* 0.50** 0.47**

II (a) Femoral shaft radiogrammetry Directly measured
(Digital right hip x-ray) FSWM (mm) -0.07 -0.15 -0.16 -0.14 -0.16
Manual method FswM (mm) -0.61** -0.56** -0.60** -0.64** -0.64**

Calculated bone mass indices
FS-CCTM (mm) 0.63** 0.49** 0.53** 0.59** 0.57**
FS-CCTM  (%) 0.71** 0.59** 0.63** 0.69** 0.68**

II (b) Femoral shaft radiogrammetry Directly measured
(Digital right hip x-ray) FSWSA (mm) -0.01 -0.07 -0.06 -0.05 -0.07

FswSA (mm) -0.52** -0.50** -0.55** -0.56** -0.57**
Semi-automated method Calculated bone mass indices

FS-CCTSA (mm) 0.62** 0.52** 0.58** 0.61** 0.60**
FS-CCTSA  (%) 0.66** 0.59** 0.64** 0.67** 0.66**

Values represented are pearson’s correlation coefficient®, **p<0.01, *p<0.05, All women (combining both normal and who are at low bone mass, n =  36, Mean±SD
age = 52.83±12.94 years)
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Table 2:  Correlation matrix for the different variables studied in older women aged above 50 years (n = 27)
DXA (Right proximal femur)
----------------------------------------------------------------------------------------------------------------------

SI No. Methods Variables N.BMD (g cmG2) W.BMD (g cmG2) Tr.BMD (g cmG2) S.BMD (g cmG2) T.BMD (g cmG2)
I Demographic features Age (years) -0.53** -0.49** -0.51** -0.52** -0.55**

Body height (cm) 0.32 0.19 0.16 0.20 0.21
Body weight (kg) 0.60** 0.48** 0.52** 0.64** 0.61**
BMI (kg mG2) 0.44* 0.41* 0.46* 0.57** 0.53**

II (a) Femoral shaft radiogrammetry Directly measured
(Digital right hip x-ray) FSWM (mm) -0.10 -0.19 -0.20 -0.17 -0.19

FswM  (mm) -0.71** -0.65** -0.69** -0.70** -0.71**
Manual method Calculated bone mass indices

FS-CCTM (mm) 0.67** 0.51** 0.54** 0.59** 0.58**
FS-CCTM  (%) 0.79** 0.66** 0.70** 0.73** 0.74**

II (b) Femoral shaft radiogrammetry Directly measured
(Digital right hip x-ray) FSWSA (mm) -0.05 -0.14 -0.14 -0.10 -0.13

FswSA (mm) -0.69** -0.64** -0.69** -0.68** -0.70**
Semi-automated method Calculated bone mass indices

FS-CCTSA (mm) 0.69** 0.569** 0.619** 0.64** 0.63**
FS-CCTSA (%) 0.78** 0.68** 0.73** 0.75** 0.75**

Values represented are pearson’s correlation coefficient®, **p<0.01, *p<0.05, older women aged above 50 years ( n =  27; Mean±SD age = 58.44±9.22 years)

Table 3: Statistical differences in demographic features, DXA and radiogrammetry parameters between normal and low bone mass
Group I Group II Low bone Statistical

SI No. Methods Variables Normal (n = 15) mass (n = 21) significance (p-value)
I Demographic features Age (years) 45.60±10.74 58.00±12.04 0.003**

Body height (cm) 151.33±5.68 148.29±6.10 0.138
Body weight (kg) 57.67±9.76 50.24±7.60 0.015*
MI (kg mG2) 25.00±4.22 22.82±2.95 0.076

II DXA  (Right proximal femur) N.BMD (g cmG2) 0.98±0.07 0.70±0.10 0.000***
W.BMD (g cmG2) 0.83±0.09 0.51±0.11 0.000***
Tr.BMD (g cmG2) 0.81±0.08 0.53±0.11 0.000***
S.BMD (g cmG2) 1.25±0.09 0.83±0.17 0.000***
T.BMD (g cmG2) 1.04±0.08 0.69±0.13 0.000***

III (a) Femoral shaft radiogrammetry Directly measured
(Digital right hip x-ray) FSWM (mm) 30.90±2.93 30.89±2.45 0.998

FswM (mm) 14.94±2.56 17.57±2.77 0.007**
Manual method Calculated bone mass indices

FS-CCTM (mm) 15.96±2.66 13.33±1.90 0.001**
FS-CCTM (%) 51.62±6.83 43.28±6.22 0.001**

III (b) Femoral shaft radiogrammetry Directly measured
(Digital right hip x-ray) FSWSA (mm) 32.07±2.87 31.43±2.77 0.506

FswSA (mm) 16.66±2.80 19.24±3.04 0.014*
Semi-automated method Calculated bone mass indices

FS-CCTSA (mm) 15.40±2.62 12.19±1.82 0.000***
FS-CCTSA (%) 48.07±6.86 38.98±6.09 0.000***

IV Semi-automated CAD for evaluation Predicted T.BMD (g cmG2) 0.96±0.09 0.75±0.13 0.000***
(Y = 0.645-0.007  (X1)+0.013  (X2)+0.009 (X3))

Significance by unpaired student’s t-test, ***p<0.001, **p<0.01, *p<0.05

Older  women  aged  50  years  and above (n = 27,
Mean±SD age = 45.6±10.74 years) Table 2 shows the
statistical  correlation  matrix  between  measured  femoral
shaft radiogrammetry variables compared with DXA, in
women aged  above  50  years.  The  T.BMD  negatively
correlated  (p<0.01)   with   subject’s   age   (r = -0.55) and
positively correlated (p<0.01) with body weight (kg) and BMI
(r = 0.61 and  r   =   0.53,   respectively).   The  T.BMD  measured
DXA was  correlated   statistically    significant    (p<0.01)    with 

the following radiogrammetry variables  measured  by 
manual and semi-automated-methods: (i) FS-CCTM  (r  =  0.58),
(ii) FS-CCTM (%)  (r  =  0.74),  (iii)   FS-CCTSA   (r   =  0.63) and  (iv)
FS-CCTSA(%) (r = 0.75). The other parameters were not
significantly correlated.

Comparison between low bone mass and normal women:
Table 3 which shows the statistical differences in 
demographic  features, DXA and radiogrammetric parameters
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between normal group (n = 15)  and  low  bone  mass  group
(n = 21). The mean age of women in normal and low bone
mass groups were 45.60±10.74 and 58.00±12.04 years
respectively. In low bone mass group the measured body
weight (kg) were lesser by 12% [(57.67-50.64)/57.67×100]
compared to normal group, which was statistically significant
(p<0.05). The measured BMD by DXA at various regions of
interest of the proximal femur were lesser significantly in low
bone mass group compared to normal group. Bone density
was significantly lower in the low bone mass group compared
to the normal group with a reduction of 34% for T.BMD and
29% for N.BMD (p<0.001) and manual calculated bone mass
indices of femur shaft with a reduction of 16% for FS-CCTM and
FS-CCTM (%) (p<0.01). In semi automated calculated bone
mass indices of femur shaft the bone density was significantly
lower in low bone mass group compared to the normal group,
with a reduction of 21% for FS-CCTSA and 19% for FS-CCTSA (%)
(p<0.001). The predicted T.BMD low bone mass group were
lesser by 22% compared to normal group which were
statistically significant (p<0.001). The other parameters were
not significant.

Establishment of empirical formula: Based on the step-wise
regression model, the following empirical formula was
established by combining the subject’s age (years) and the
extracted both CCT and percentage CCT of the femoral shaft:

Y = 0.645-0.007 (X1)+0.013 (X2)+0.009 (X3) (4)

Where:
Y = Predicted total hip BMD (T.BMD) (g cmG2)
X1 = Patient’s age
X2 = CCT (mm) of the femoral shaft
X3 = Percentage CCT of the femoral shaft

In both total women (n = 36) and older women aged 50
years and above (n = 27), the predicted T.BMD using the
established formula was correlated statistically significant
(p<0.01) with T.BMD by DXA (r = 0.79 and r = 0.82,
respectively). Figure 4 shows statistically significant supportive
relationship between the predicted T.BMD and estimated
T.BMD in total women studied (r2 = 0.621, p<0.001) and Fig. 5
shows statistically significant supportive relationship between

Fig. 4: Statistically significant supportive relationship between the predicted T.BMD and estimated T.BMD by  DXA in total women
studied

Fig. 5: Statistically significant supportive relationship between the predicted T.BMD and estimated T.BMD by DXA in older women
aged above 50 years
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Table 4: Validation of the predicted total hip BMD using established empirical formula among the study population (n = 36)
Estimated Predicted

Age FS-CCTSA FS-CCTSA Estimated T.BMD Predicted T-BMD Age FS-CCTSA FS-CCTSA T.BMD (g cmG2) T-BMD
Women (Years) (mm) (%) (g cmG2) by DXA (g cmG2) Test Women (Years) (mm) (%) by DXA (g cmG2) Test
1 26 15.80 52.90 1.071 1.144 TN 19 65 10.79 35.69 0.634 0.652 TP
2 35 13.47 45.37 0.966 0.983 TN 20 56 15.97 51.62 1.113 0.925 TN
3 35 13.11 40.28 0.927 0.933 TN 21 53 13.96 41.20 0.782 0.826 TP
4 36 15.97 49.06 0.818 1.042 FN 22 57 12.93 39.51 0.822 0.770 TP
5 39 12.40 35.01 1.087 0.848 FP 23 71 11.15 36.24 0.654 0.619 TP
6 40 13.08 48.48 0.761 0.971 FN 24 54 18.30 57.80 1.084 1.025 TN
7 32 14.01 42.57 1.110 0.986 TN 25 52 12.76 39.41 1.013 0.802 FP
8 35 15.79 50.45 1.097 1.059 TN 26 80 13.65 39.54 0.506 0.618 TP
9 46 14.73 47.87 0.957 0.945 TN 27 52 9.00 27.05 0.514 0.641 TP
10 70 10.43 37.38 0.811 0.627 TP 28 56 20.45 58.93 0.991 1.049 TN
11 57 16.52 46.40 0.892 0.878 TN 29 52 12.83 40.99 0.660 0.817 TP
12 60 13.47 43.04 0.660 0.787 TP 30 76 11.68 37.75 0.620 0.605 TP
13 55 9.72 38.00 0.596 0.728 TP 31 57 10.07 30.77 0.683 0.654 TP
14 51 12.10 40.17 0.841 0.807 TP 32 51 11.86 46.04 1.090 0.857 TN
15 81 11.33 30.60 0.351 0.501 TP 33 55 19.92 53.53 1.080 1.001 TN
16 50 9.71 29.19 0.807 0.684 TP 34 55 15.98 52.86 1.144 0.943 TN
17 60 14.73 45.49 0.750 0.826 TP 35 50 13.29 47.63 0.790 0.896 FN
18 52 12.47 41.50 0.794 0.817 TP 36 50 13.55 39.25 0.742 0.824 TP
TP: Truepositive, TN: Truenegative, FP: Falsepositive and FN: Falsenegative

the predicted T.BMD and estimated T.BMD in older women
aged above 50 years (r2 = 0.677, p<0.001).

Validation of empirical formula: All women combining both
normal as well as low bone mass were tested with the
established empirical formula which shows the validation test
results the total studied population  (n  =  36)   indicated   that
sensitivity  (85.7%), specificity (86.6%), Positive Predictive
Value  (PPV)  (90%)  and  Negative  Predictive  Value (NPV)
(81.2%) were achieved and shown in Table 4. 

Older women aged 50 years and above (n = 27) were
tested using the established empirical formula in which the
validation test results indicated that sensitivity (94.7%),
specificity (87.5%), Positive Predictive Value (PPV) (94.7%) and
Negative Predictive Value (NPV) (87.5%) were  achieved  and 
the  same   was    shown   in   supplementary 3 (Sl No. 10-36).

DISCUSSION

Osteoporosis which has been witnessed to be a menace
in epidemiological frame work has to be controlled and also to
be diagnosed in the earlier phase itself. Keeping in view this
prime aspect, the present article aims at providing a computer
aided diagnostic method to access osteoporosis in a précised
manner.Aging affects cortical thickness by increasing
endocortical bone resorption and reducing periosteal
apposition25. The body weight or BMI has been found to be
inversely related to the risk of osteoporotic fracture26,27.

Women lose bone at a faster rate than men, over
aging28,29. The CCT  decreases  with  age  in  both  the  genders,
especially in  older  group. There  is  a  gradual  thinning  of the

cortex of the radius with age in both sexes to a greater extent
in females than in males30. The main limitation of cortical
thickness as an indication of osteoporosis is that, since it is a
continuous variable, it is not possible to give a precise level at
which normality ends and abnormality begin31.

In contiguity with our discussion, a similar cohort (n = 52)
arranged by Yao  et  al.32  in which the manual measurements
were compared  with  semi-automated  once,  it  exhibited  the 
 statistical  accuracy  at  the  level  of  (p<0.001).  In  our study 
the  comparative  perspective  between  manual and semi
automated quantifications  evidenced the statistical
significance at the level of (p<0.01). Morar et al.33 advocated
an image processing algorithm in order to detect lesser
trochanter by means of a circle, which shows 50% accuracy 
depicted  in  comparison  with  manual  detection. But in this
study as stated  above  the  image  processing  methodology
(semi automated) exhibited higher precision with respect to
manual gauges, here the algorithm (FLICM and canny
method) automatic detection of the lesser trochanter is done
efficiently and also it detects the exact region of interest of
periosteal and endosteal width of the femoral shaft.

In his study on femoral shaft cortex Gluer  et  al.34

endorsed the utilization of independent methodology for hip
fracture prediction on the basis of reduced cortical thickness
of the femoral shaft cortex. In this study FS-CCT exhibited
lesser significance of 16 and 21% with respect to manual and
semi automated measurements compared to low  bone  mass 
group.  In  addition  to  the BMD measurements at T.BMD and
N.BMD demonstrated lesser significance of 34 and 29%,
respectively against normal group by low bone mass group.
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The study of measurement method of comparison data,
the correlation coefficient techniques such as regression
analysis are suitable for evaluation in low bone mass35. In the
present study a similar type of agreement for the
measurement of cortical thickness with age using regression
analysis  for  the  prediction  of  T.BMD due to high precision
than other measured DXA variables.

Riggs et al.36 found the direct proportionality between
onset of menopause and loss of bone mass. Likewise this
study also detailed the similar information (degree of
agreement  between  FS-CCT  (r  =  0.62)  and  BMI  (r  = 0.52),
FS-CCT and BMI implies the correlation of reduced bone loss
with lower BMI.

Kumar and Anburajan21 proclaimed that in low bone mass
group the values of FS-CCT and FS-CCT (%) of hip to be fewer
by 15 and 13% compared to normal group. In the present
study semi-automated methodology manifested the values of
FS-CCTSA and FS-CCTSA (%) of hip to be fewer by 21 and 19%
with significance of (p<0.001), where a normal group was
compared with low bone mass group. However, the
significance level confined to (p<0.01) between FS-CCTM and
FS-CCTM (%)21.

In  this  study,  it  was  found  that  70.3%  (19/27)  of  the
South Indian  old  aged  women  were  diagnosed  to  be low
bone  mass,  based  on  DXA  hip  measurements.  A  related
study  shows   that   20.7%   (6/29)   and   58.6%   (17/29)  of
south Indian postmenopausal women were diagnosed to
posses osteopenia and osteoporosis based on DXA hip
measurements and their age ranged from 52-82 years,
respectively37.

A study on shoulder radiographs by Mather  et  al.38 
revealed that the cortical bone thickness is measured by two
techniques, the gauge and the average method. It
demonstrated a strong correlation with  femur  BMD  by  DXA
(r = 0.64, p<0.0001). The threshold value for the cortical
thickness measurement was established to predict
osteoporosis, which has a sensitivity of 93%, specificity of 52%
and negative predictive value38 of 95%.

A similar kind of study was done using cortical thickness
of  metacarpal  index  which  correlated  significantly with
DXA-BMD at the measured sites and particularly with that of
the distal radius (r = 0.67, p<0.0001)39.

In this study the total women (n = 36) and older women
aged 50 years and above (n = 27), the predicted T.BMD using
the established formula was correlated statistically significant
(p<0.01) with T.BMD by DXA (r = 0.79 and r = 0.82
respectively). The established empirical formula demonstrated
with a sensitivity (85.7 and 94.7%), specificity (86.6 and 87.5%),
positive predictive value (90 and 94.7%) and negative
predictive value  (81.2  and   87.5%),   in   total   population and

old-aged population, respectively. Therefore, the proposed
method could be useful in the evaluation of low bone mass in
low cost environment.

The present study evidenced that 30% of South Indian old
aged women age ranged from 50-81 years were in a normal
phase. There is an need to make out the subjects who are in
danger to osteoporotic risk, it is necessary to recommend
them for osteoporotic screening and to identify a screening
tool which would work on bulk databases at affordable cost40.

CONCLUSION

The developed algorithm using the FLICM and canny
edge detection method will be useful in the measurement of
cortical thickness in femoral shaft and the established
empirical formula involving conventional femoral shaft
radiogrammetry will be useful in evaluation of low bone mass.
This method would reduce the manual error and thereby
increase its accuracy significantly. Moreover, it can be tested
with even a person with minimum computer knowledge. The
development of an automated CAD tool involving standard
conventional digital x-rays of other skeletal sites, namely
clavicle and forearm could be useful as a cost effective mass
screening tool in the evaluation of low bone mass. Thereby, it
could be used as a cost effective screening tool for the
diagnosis of osteoporosis with high accuracy, especially in
India due to non availability of DXA machines.
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