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of Radiation Physics, Skåne University Hospital, Lund University, Malmö, Sweden; and 6Department of Urology, Skåne University
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A reproducible and quantitative imaging biomarker is needed to

standardize the evaluation of changes in bone scans of prostate
cancer patients with skeletal metastasis. We performed a series

of analytic validation studies to evaluate the performance of the

automated bone scan index (BSI) as an imaging biomarker in
patients with metastatic prostate cancer. Methods: Three separate

analytic studies were performed to evaluate the accuracy, preci-

sion, and reproducibility of the automated BSI. Simulation study:

bone scan simulations with predefined tumor burdens were created
to assess accuracy and precision. Fifty bone scans were simulated

with a tumor burden ranging from low to high disease confluence

(0.10–13.0 BSI). A second group of 50 scans was divided into 5

subgroups, each containing 10 simulated bone scans, correspond-
ing to BSI values of 0.5, 1.0, 3.0, 5.0, and 10.0. Repeat bone scan

study: to assess the reproducibility in a routine clinical setting, 2

repeat bone scans were obtained from metastatic prostate cancer
patients after a single 600-MBq 99mTc-methylene diphosphonate

injection. Follow-up bone scan study: 2 follow-up bone scans of

metastatic prostate cancer patients were analyzed to determine

the interobserver variability between the automated BSIs and the
visual interpretations in assessing changes. The automated BSI was

generated using the upgraded EXINI boneBSI software (version 2).

The results were evaluated using linear regression, Pearson corre-

lation, Cohen κ measurement, coefficient of variation, and SD.
Results: Linearity of the automated BSI interpretations in the range

of 0.10–13.0 was confirmed, and Pearson correlation was observed

at 0.995 (n 5 50; 95% confidence interval, 0.99–0.99; P , 0.0001).

The mean coefficient of variation was less than 20%. The mean BSI
difference between the 2 repeat bone scans of 35 patients was 0.05

(SD 5 0.15), with an upper confidence limit of 0.30. The interob-

server agreement in the automated BSI interpretations was more
consistent (κ 5 0.96, P , 0.0001) than the qualitative visual assess-

ment of the changes (κ 5 0.70, P , 0.0001) was in the bone scans of

173 patients. Conclusion: The automated BSI provides a consistent

imaging biomarker capable of standardizing quantitative changes in
the bone scans of patients with metastatic prostate cancer.
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Prostate cancer is a bone-tropic cancer, and nearly 85% of pa-
tients with fatal prostate cancer are reported to have bone metastases
(1). In clinical practice, a bone scan is the most prevalent and cost-
effective diagnostic imaging tool to detect the onset of skeletal me-
tastasis in advanced prostate cancer patients (2). However, the clinical
utility of on-treatment changes in the bone scans of advanced met-
astatic prostate patients remains limited, largely because of the lack
of a consistent methodology for quantifying changes in bone scans.
The bone scan index (BSI), developed at the Memorial Sloan

Kettering Cancer Center, is a fully quantitative analysis of skeletal
metastasis in bone scans (3). The BSI represents the tumor burden
in a bone scan as a percentage of the total skeletal mass and has
shown clinical significance as a prognostic imaging biomarker
(4,5). The labor-intensive process of manually calculating the
BSI has prevented its widespread adoption in clinical practice.
The image-analysis program developed by EXINI Diagnostics

for bone scan imaging automates the BSI calculation (6–8). The
scan normalization and the iterative artificial neural network detect
hotspots that are suspected metastatic lesions and generate BSI in
a significantly shortened time span (,10 s). The automated BSI
was shown to correlate with the manual BSI of newly diagnosed
prostate cancer patients, and it was independently associated with
overall survival (9).
However, the clinical qualification of the automated BSI as an

imaging biomarker indicative of the treatment response depends
on its analytic performance characteristics, which are yet to be
validated. The analytic validation of the automated BSI against
a known analytic standard and against the preanalytic variability
of the routine bone scan procedure is essential to assess the
automated BSI as a standardized quantitative platform for pro-
spective clinical studies. We have performed analytic studies that
incorporate computer simulations and clinical patients to evaluate
the accuracy, precision, and reproducibility of the automated
BSI. We hypothesized that with minimal manual supervision, the
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automated BSI could standardize the quantitative changes in bone
scans of patients with metastatic prostate cancer.

MATERIALS AND METHODS

Study Design

Three analytic studies were performed to evaluate the performance

characteristics of the automated BSI. The predefined objectives and
endpoint analysis for each of the studies are summarized in Table 1.

The overall aim of the studies was to test the hypothesis that the
automated BSI can standardize quantitative changes in bone scans.

Ethical permission and individual patient consent were obtained.
Simulation Study. The objective of the simulation study was to

assess the accuracy and precision of the automated BSI against the
known tumor burdens of the simulated bone scans.

In the simulation study, 2 sets of 50 bone scans were simulated with
known tumor burdens and a corresponding known phantom BSI. The

localization of the simulated tumor was randomized. The first set of 50
simulated bone scans was created with focal tumor lesions ranging from

low to high disease confluence (0.10–13.0 phantom BSI). Another set of
50 scans was divided into 5 subgroups, each containing 10 simulated bone

scans, corresponding to phantom BSI values of 0.5, 1.0, 3.0, 5.0, and 10.0.
Bone Scan Simulation. The SIMIND Monte Carlo (10) program

together with the XCAT phantom (11), representing a standard male,
were used to simulate bone scans with predefined tumor burdens in the

skeleton. Randomly distributed focal lesions were inserted in the

XCAT phantom skeleton by a MATLAB script corresponding to a pre-
defined BSI. The tumors were confined to the skeleton volume. The

phantom BSI was calculated as described in the original study (3). A
restriction was set so that no tumor was placed below the mid femur or

below the mid humerus. A virtual scintillation camera with a 9-mm-
thick crystal, 9.5% energy resolution at 140 keV, a 256 · 1,024 image

matrix with a 2.4-mm pixel size, and a low-energy, high-resolution
collimator was used for the simulations. To mimic real measurements,

the simulations were performed with sufficient histories to avoid
Monte Carlo noise. Poisson noise was added after the simulations,

corresponding to measurements with a total of 1.5 million counts in
the anterior image. Anterior and posterior whole-body images were

simulated for every phantom. The relative activity concentration in the
bone, kidneys, bone marrow, and tumors was set to 18, 9, 2.5, and 72,

respectively, in relation to the remainder of the body.
Repeat Bone Scan Study. The objective of the repeat bone scan

study was to determine the reproducibility threshold of the automated
BSI in relation to the preanalytic variability of the routine clinical

bone scan procedure.
In this study, a repeat whole-body bone scan was obtained from

metastatic patients who were referred for a routine bone-scan procedure.
A previous bone scan was used to determine the presence of skeletal

metastasis. The first whole-body bone scan was obtained 3 h after

a single intravenous injection of 600 MBq of 99mTc methylene diphosph-
onate. The repeat bone scan was obtained directly after the first.

Patient Bone Scan. Whole-body images with anterior and posterior
views (scan speed, 10 cm/min; 256 · 1,024 matrix), were obtained

using a g-camera equipped with low-energy, high-resolution, parallel-
hole collimators (Maxxus; GE Healthcare). Energy discrimination was

provided by a 15% window centered on the 140-keV peak of 99mTc.
Follow-up Bone Scan Study. The objective of the follow-up bone

scan study was to compare the interobserver agreement of the visual
interpretations with that of the automated BSI interpretations in

assessing changes between the 2 follow-up bone scans.
In the follow-up bone scan study, all prostate cancer patients with

skeletal metastasis who underwent at least 2 whole-body examinations
between January 2002 and December 2008 as part of their clinical

routine follow-up were considered for inclusion. Patients with digitally
stored images were included, and if a selected patient had more than 2

scans, the last 2 follow-up scans were used for the study.
The 2 follow-up bone scans for each patient were independently

analyzed by 3 experienced nuclear medicine bone scan interpreters at 3
different interpretation sessions. At least 3 mo elapsed between each

session. In the first session, each interpreter independently classified the
patients according to the signs of progressive metastatic disease. Patients

with a follow-up scan showing new lesions or lesions present in the first

TABLE 1
Summary of Analytic Studies to Evaluate Performance Characteristics of Automated BSI as a Consistent Imaging Biomarker

to Standardize Quantitative Analysis of Bone Scans

Analytic study Objective Design Endpoint

Simulation study Accuracy and precision Simulation of bone scans
with known phantom BSI

as analytic standard

Measuring automated
BSI against phantom BSI

Repeat bone scan
study

Reproducibility Metastatic patients with
repeat bone scans

Measuring difference between
2 automated BSI interpretations

Follow-up bone scan

study

Interobserver

variability

Metastatic patients with 2

routine follow-up clinical

bone scans

Measuring observer agreement

in assessing automated

BSI change

FIGURE 1. Scatterplot showing linearity of automated BSI vs. phan-

tom BSI in first set of 50 simulated bone scans.
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scan that were distinctly larger were classified as having signs of pro-

gression. In the second session, the 3 interpreters independently classified
all the patients on the basis of the presence of 2 or more new lesions. In the

third session, the 3 interpreters used EXINI boneBSI software (EXINI
Diagnostics) to report changes in the automated BSI values between the

2 follow-up bone scans. The changes in the automated BSI were defined as
an increase or decrease in the automated BSI equal to or greater than the

reproducibility threshold obtained in the repeat bone scan study.

Automated BSI Analysis

The upgraded EXINI boneBSI software (version 2) was used to

generate the automated BSI. The methodology of the automated plat-
form has been described in detail in a previous study (9). In summary,

the different anatomic regions of the skeleton are segmented, and the
abnormal hotspots are detected and classified as metastatic lesions.

The weight fraction of the skeleton for each metastatic hotspot is
calculated, and the BSI is calculated as the sum of all such fractions.

Statistical Analysis

In the simulation study, automated BSI values were obtained for
all the simulated bone scans and compared with the known standard,

the phantom BSI, to assess analytic accuracy and precision. A linear
regression model and Pearson correlation testing were used to evaluate

the accuracy of the automated BSI values compared with the phantom
BSIs for the first set of 50 simulated bone scans. To confirm the method

linearity, we tested the assumptions regarding residuals normality
(Shapiro–Wilk test) and the method’s homoscedasticity. Once the linear

model was confirmed, the linear regression parameters were estimated,
including a correlation coefficient (r), at a 95% confidence interval. In

the second set of 50 simulated bone scans, the coefficient of variation
and SD were used to determine the precision of the automated BSI at 5

different levels of the phantom BSI.
In the repeat bone scan study, the automated BSI was measured

from both bone scans. The difference between the 2 automated BSI
interpretations was calculated to compare the reproducibility threshold

with the preanalytical variability of the routine clinical bone scan. The
mean and SD of the difference between the automated BSI interpretations

were used to calculate the upper confidence limit, or the 95th percentile
value. This value represented the automated BSI reproducibility threshold

for assessing consistent measurements of the changes in bone scans.
In the follow-up bone scan study, the interobserver agreement of the

visual subjective interpretation versus the automated BSI was measured

by Cohen k agreement, which measures agreement beyond that

expected by chance. k agreement was evaluated pairwise among the 3
interpreters—A versus B, B versus C, and A versus C—for each of the

interpretation sessions. The mean k agreement of the 3 paired inter-
preters was then compared for each session.

No prior assumptions were made for the automated BSI perfor-
mance to render power calculations. Statistical significance for each

statistical test was set at 0.05. All statistical analyses were performed
using SPSS, version 22 (IBM), for Windows (Microsoft).

RESULTS

Simulation Study

The automated BSI, the dependent variable, was obtained from
both sets of simulated bone scans and measured against the known
phantom BSI, which was considered the independent variable. In
the first set of 50 simulated bone scans, the Shapiro–Wilk test
confirmed that the residuals of the dependent variable were nor-
mally distributed (P5 0.850). In addition, the mean residual value
of 0.00 with an SD of 0.25 confirmed homoscedasticity, showing
constant variation across all values of the independent variable.
Given that the residuals exhibited normality and homoscedasticity,
the model was considered linear. The scatterplot with a linear fit
line and the associated parameters for the linear regression in the
range from 0.10 to 13.0 BSI are presented in Figure 1 and in Table
2, respectively. Pearson correlation was observed to be 0.995 (95%
confidence interval, 0.99–0.99; P , 0.0001). Table 3 provides the
coefficient of variation and SD of the automated BSI values at each
of the predefined tumor burdens with varying localization for the
second set of 50 simulated bone scans. The coefficient of variation
at each of the 5 predefined phantom BSIs was less than 20%.

Repeat Bone Scan Study

Thirty-five patients provided consent and were enrolled in the
repeat bone scan study. All bone scans were eligible for automated
BSI analysis. The Bland–Altman plot of the differences between the
automated BSI readings of the 35 repeat bone scans is illustrated in
Figure 2. The mean BSI difference between the 2 repeat bone scans
was 0.05 with an SD of 0.15. The reproducibility threshold of the
automated BSI for consistent measurement of changes in bone scans,
defined as the 95th percentile of the data, was observed at 0.30.

Follow-up Bone Scan Study

The bone scans of 173 metastatic prostate cancer patients were
eligible for the study. The 2 consecutive bone scans from all 173
patients were independently analyzed by 3 experienced nuclear
medicine interpreters for all 3 interpretation sessions. The pairwise
k agreement at each session is demonstrated in Table 4. In sessions
1 and 2, the mean k agreement was 0.70 and 0.66 (P , 0.0001),
respectively. In session 3, the mean change in the automated BSI
interpretations between the 2 follow-up bone scans of 173 patients
was 1.84 (median, 0.42; interquartile range, 22.4 to 10.26). The
change in the automated BSI was defined as the increase or decrease

TABLE 2
Parameters for Linear Regression Model in First Set of 50

Phantoms with Predefined BSI Range of 0.10–13.0

Linearity

measure Value 95% CI P

r 0.99 0.99–0.99 ,0.0001

Slope 0.80 0.78–0.83 ,0.0001

Intercept 0.38 0.25–0.51 ,0.0001

TABLE 3
SD and Coefficient of Variation for Automated BSI in Second Set of 50 Phantoms at 5 Predefined Levels of Tumor Burden

Phantom BSI

Parameter 0.5 (n 5 10) 1.0 (n 5 10) 3.0 (n 5 10) 5.0 (n 5 10) 10.0 (n 5 10)

SD 0.10 0.13 0.26 0.17 0.29

Coefficient of variation 0.19 0.11 0.08 0.06 0.03
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beyond the reproducibility threshold of 0.30 BSI. At 0.96 (P ,
0.0001), the mean k agreement of the 3 interpreters using automated
BSIs was higher than it was for the first 2 sessions.

DISCUSSION

Currently, there is no quantitative imaging biomarker in patients
with metastatic prostate cancer, and the on-treatment changes
in bone scan results are inadequately assessed in an interpreter-
dependent visual analysis. The inherent variability of these kinds
of assessments affects the clinical association of the intended
biomarker with clinical endpoints. The Food and Drug Adminis-
tration biomarker qualification review program explicitly states
that the clinical validation of a biomarker is empirically significant
only if the marker is measured consistently and reproducibly (12).
However, during the course of this study we found that, unlike

those for blood-based biomarkers, the guidelines for analytically
validating biomarkers in image diagnostics are not well defined. One
of the most serious limitations in the effort to analytically validate an
imaging biomarker has been the difficulty in procuring a true analytic
standard: histologic confirmation of abnormal hotspots as metastatic
lesions. Previous studies have circumvented the issue of the lack of
an analytic standard by using a reference interpreter for the bone scan
analysis (13). Using a manual assessment as a true analytic bench-
mark limits the analytic validation to the skills of the reference in-
dividual. To be independent of such limitations, the analytic standard
has to represent the known burden of disease against which the true
performance of the biomarker can be evaluated.
In the absence of a true analytic standard, we believe that the

simulated bone scans from XCAT phantoms with predefined
tumor burdens confined to the volume of the skeleton and the
SIMIND Monte Carlo simulation of the g-camera could be an
alternative. The simulated bone scans with randomized tumor
locations but known tumor burden can create real-patient scenar-
ios to evaluate the performance of the automated BSI against a true
analytic standard, which is the known ground truth.
The results of the simulation study demonstrated that, irrespective

of varying tumor localization, the accuracy and precision of the

automated BSI were maintained from low to high disease confluence
of focal lesions, in the BSI range from 0.10 to 13.0. This result
marks an improvement in the performance of EXINI’s current ver-
sion of the automated BSI over that of the previous version. The first
generation of the EXINI automated BSI platform was reported to
underestimate the BSI values in patients with a high disease burden
(9). The consistent linearity of the upgraded version of the auto-
mated BSI is vital to its intended clinical utility in patients with
advanced metastatic prostate cancer. The changes in the automated
BSI would be reproducible, with consistent accuracy and precision,
and its association with clinical endpoints would be reliable.
In our simulated study, we also noted that the automated-BSI

platform has a blind spot for lesions superimposed on the bladder.
To avoid classification of tracer activity from the urinary bladder,
the lesions simulated in the lower sacrum, coccyx, and pubic regions
were sporadically not classified as metastatic lesions. An example is
illustrated in Figure 3. The resulting automated BSI values for such
simulations were slightly lower than the true phantom BSIs. Given
the technical limitation of the platform, manual supervision should
be considered when the bone scans of patients with hotspots in the
lower sacrum, coccyx, or pubic region are being analyzed.
Although providing a true analytic standard, simulated bone

scans are limited in their representation of the variables associated
with patient bone scans. The simulated bone scans represent
a single individual, rendering the same activity concentration and
varying only by tumor burden and tumor localization. Therefore,
unlike the simulation study, the purpose of the repeat bone scan
study in patients with skeletal metastasis was to evaluate the
reproducibility of the automated BSI in the clinical environment,
which is predisposed to the variables associated with the routine
bone scan procedure. Variables such as image count corresponding
to scanning time and interpatient-dependent attenuation factors
can cause noise in BSI interpretations, and this noise can affect
the reliability of the on-treatment BSI change as a quantitative
biomarker. In previous studies, the on-treatment BSI change
has been reported as the percentage of BSI change, BSI doubling
time, and BSI difference (5,14,15), but none of the studies have
accounted for the noise in BSIs that results from the inherent
variability of the bone scan procedure.
Although limited in scale, our study attempts to empirically

address the noise in the automated BSI associated with the
preanalytic variability of the routine bone scan procedure. We
propose that accounting for the reproducibility threshold of 0.30
will result in a consistent and reliable on-treatment BSI change that

FIGURE 2. Bland–Altman plot to evaluate reproducibility of automated

BSI interpretations from repeat bone scans of 35 metastatic patients.

Mean BSI difference, 0.05 (solid horizontal line), with upper confidence

limit of 0.30 and lower confidence limit of −0.25 (horizontal dotted lines).

TABLE 4
Pairwise Cohen κ Agreement Evaluating Interobserver

Agreement Among 3 Independent Interpreters to Assess
Changes in Bone Scans from 173 Patients with Metastatic

Prostate Cancer

Finding

Interpreter

A vs. B

Interpreter

A vs. C

Interpreter

B vs. C

Increased
burden

0.56 0.90 0.65

Two new

lesions

0.62 0.81 0.55

Change in

BSI

0.96 0.97 0.96
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is clinically relevant. The preliminary data presented here warrant
further validation of this threshold and its clinical implications.
In the follow-up bone scan study, the interpretation sessions

that incorporated visual assessment of the changes in bone scans
reported higher discrepancies among the 3 interpreters. The 3
interpreters in our study were from the same hospital, and their
interpretation styles for bone scan assessment were probably more
consistent than the styles of interpreters from different centers
would be. Prior studies have reported similar discordance in visual
assessment of bone scans. In a Swedish study, 37 interpreters
from 18 hospitals showed considerable disagreement in bone scan
assessment. The k agreement among the interpreters ranged from
0.16 to 0.82, with a mean of 0.48 (8).
Compared with visual assessment of changes in bone scans, the

interobserver agreement among the 3 nuclear medicine interpreters
increased significantly using the automated BSI platform. The
manual supervision of the automated BSI assessment in bone scans
with abnormal hotspots located at the lower sacrum, coccyx, or
pubic region were the cause of some ambiguities among the
interpreters.
Furthermore, the automated BSI represented changes in bone

scans as a continuous numeric variable. The gradient of this change
could potentially have clinical utility in assessing both response and
progression. Not only can a confirmed sequential increase in the
automated BSI value augment the Prostate Cancer Working Group
2 recommendation of tracking 2 or more new lesions as an endpoint
for radiographic progression, but the confirmed sequential decline
in the treatment follow-up BSI value can also be evaluated as
a biomarker indicative of efficacy response.
Despite the advantages of a fully quantitative imaging biomarker,

the automated BSI assessment does not absolve the inherent limi-
tations of bone scanning as a non–tumor-specific imaging modality.
Uptake of 99mTc in a bone scan reflects the increase in osteoblastic
activity in bone. As a result, the bone scan can show a temporary
increase in activity in response to an effective treatment. Future
clinical investigations are warranted to develop BSI guidelines,
similar to those incorporated in Prostate Cancer Working Group
2 for bone scan progression, to determine the on-treatment BSI
change that is clinically relevant.

CONCLUSION

We have demonstrated that with minimal manual supervision
the automated BSI overcomes the limitations of qualitative visual
assessment and provides an accurate, precise, and reproducible
platform for standardizing quantitative changes in the bone scans
of prostate cancer patients with skeletal metastasis. This study is
the foundation for subsequent clinical investigations aimed at
validating the clinical utility of changes in the automated BSI as
a consistent, quantitative imaging biomarker indicative of treat-
ment response.
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FIGURE 3. (A) Simulated bone scan with known tumor burden corre-

sponding to phantom BSI of 10.0. (B) Lesions detected and classified as

metastatic by automated platform for BSI calculation are highlighted in red;

arrows indicate simulated lesions at blind spot of automated BSI platform.
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