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Purpose:

Materials and
Methods:

Results:

Conclusion:

To determine whether quantitative imaging features from
pretreatment positron emission tomography (PET) can
enhance patient overall survival risk stratification beyond
what can be achieved with conventional prognostic fac-

tors in patients with stage Il non-small cell lung cancer
(NSCLQ).

The institutional review board approved this retrospective
chart review study and waived the requirement to obtain
informed consent. The authors retrospectively identified
195 patients with stage III NSCLC treated definitively
with radiation therapy between January 2008 and Janu-
ary 2013. All patients underwent pretreatment PET/com-
puted tomography before treatment. Conventional PET
metrics, along with histogram, shape and volume, and
co-occurrence matrix features, were extracted. Linear
predictors of overall survival were developed from leave-
one-out cross-validation. Predictive Kaplan-Meier curves
were used to compare the linear predictors with both
quantitative imaging features and conventional prognostic
factors to those generated with conventional prognostic
factors alone. The Harrell concordance index was used to
quantify the discriminatory power of the linear predictors
for survival differences of at least 0, 6, 12, 18, and 24
months. Models were generated with features present in
more than 50% of the cross-validation folds.

Linear predictors of overall survival generated with both
quantitative imaging features and conventional prognostic
factors demonstrated improved risk stratification com-
pared with those generated with conventional prognos-
tic factors alone in terms of log-rank statistic (P = .18
vs P = .0001, respectively) and concordance index (0.62
vs 0.58, respectively). The use of quantitative imaging
features selected during cross-validation improved the
model using conventional prognostic factors alone (P =
.007). Disease solidity and primary tumor energy from
the co-occurrence matrix were found to be selected in all
folds of cross-validation.

Pretreatment PET features were associated with overall
survival when adjusting for conventional prognostic fac-

tors in patients with stage III NSCLC.

©RSNA, 2015
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hysicians have long observed that

patients with the same type and

stage of cancer often respond
differently to the same treatments and
ultimately have a wide range of out-
comes (1). The concept of “personal-
ized medicine” proposes that patients
would benefit from having medical
decisions tailored according to charac-
teristics inherent to each individual pa-
tient and their underlying disease and
not based on population-based risk as-
sessments such as staging. The inven-
tion of positron emission tomography
(PET) with fluorodeoxyglucose has en-
abled the quantification of tumor me-
tabolism by means of standardized up-
take value (SUV) measurements and is
now widely used in clinical practice for
a variety of solid tumors (2). A number
of publications have demonstrated the
prognostic value of tumor PET SUV
measurements in non-small cell lung
cancer (NSCLC) (3-5). Furthermore,
pretreatment PET is now considered
the standard of care for patients with
NSCLC; therefore, any prognostic in-
formation from these scans can be ex-
tracted without additional cost, time,
or radiation dose to the patient (6).
Most researchers have investigated
the prognostic ability of PET metrics
such as mean SUV, maximum SUYV,
and metabolic tumor volume but did
not quantify metrics indicative of fluo-
rodeoxyglucose uptake distribution
and heterogeneity. Many of these in-
vestigations have demonstrated the
utility of SUV measurements obtained
either after treatment or by measur-
ing changes from pre- to posttreat-
ment scans (4,7). However, prognostic
models that solely use pretreatment
scans may ultimately be more useful

Advance in Knowledge

B Fluorodeoxyglucose positron
emission tomography (PET)-
based quantitative image features
improved the fit of our developed
survival model in patients with
stage III non-small cell lung
cancer compared with the use of
only conventional prognostic fac-
tors (P =.001).

because clinicians could then use this
information to make decisions with
regard to upfront treatment. Recently,
studies have suggested that the exam-
ination of spatial heterogeneity with
computed tomography (CT) and the
use of SUVs within solid tumors (par-
ticularly NSCLC) may provide prog-
nostic information (8-12). Although
these studies have generated compel-
ling early evidence that heterogeneous
tumors may lead to inferior outcomes,
they have lacked adjustment for known
prognostic factors and the use of
proper validation techniques.

We performed this study to de-
termine whether quantitative imaging
features from pretreatment PET can
enhance overall survival risk stratifica-
tion beyond what can be achieved with
conventional prognostic factors in pa-

tients with stage Il NSCLC.

Materials and Methods

Patients

The institutional review board ap-
proved this retrospective chart review
study and waived the requirement to
obtain informed consent. We complied
with all Health Insurance Portability
and Accountability Act regulations.
The medical records of patients with
stage III NSCLC treated definitively
with external-beam radiation therapy
between January 2008 and January
2013 were retrospectively reviewed by
D.V.E. (S years of experience). These
dates were chosen for two reasons:
(a) to ensure that patients’ PET scans
underwent three-dimensional recon-
struction, which our institution imple-
mented in 2008, and (b) to ensure that
patients had a minimum potential fol-
low-up of 1 year at the time of analysis.
We excluded 30 patients because they

Implication for Patient Care

® This work provides preliminary
evidence that quantitative image
features from fluorodeoxyglucose
PET may have the potential to
improve prognosis assessment
for patients and their caregivers.

had undergone treatment for another
solid tumor less than 5 years earlier,
had multiple primary lesions, or had
primary lesions with tumor volumes of
less than 5 mL as measured with PET.
Those with primary tumor volumes
less than 5 mL were excluded because
we have observed in preliminary work
that quantitative features extracted
from these lesions yield less reproduc-
ible and consistent results compared
with those in larger tumors. This yield-
ed 195 patients for analysis (mean age,
65 years). The conventional prognostic
factors and treatment characteristics
are listed in Table 1. There was no sig-
nificant difference between the median
ages of men (median age, 65 years; age
range, 40-88 years) and women (me-
dian age, 67 years; age range, 38-82
years) by using a Wilcoxon rank sum
test (P = .23). The median follow-up
for all living patients was 37 months
(range, 3-70 months). Three patients
were lost to follow-up before 1 year.
Overall survival was measured as the
time from the initiation of treatment
until death in months. Treatment ini-
tiation was defined as the first cycle of
chemotherapy for patients receiving
induction chemotherapy or the first
day of radiation treatment for patients
receiving radiation therapy upfront.

Published online before print
10.1148/radiol 2015142920  Content codes: [CH] (NM]
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Characteristics
No. of
Patients
Parameter (n=195)
Conventional prognostic factors
Sex
M 125 (64)
F 70 (36)
T stage
TiorT2 97 (50)
T3orT4 98 (50)
N stage
NO or N1 31 (16)
N2 or N3 164 (84)
Overall stage
llla 107 (55)
b 88 (45)
Histologic finding
Squamous cell carcinoma 89 (46)
Adenocarcinoma or other 106 (54)
Smoking status
Never 19(10)
Former 130 (67)
Current 46 (24)
Pack-years
0-24 47 (24)
25-49 55 (28)
50-74 49 (25)
75+ 44 (23)
Karnofsky performance status
90-100 58 (30)
70-80 137 (67)
Treatment characteristics
Radiation type
Photons 127 (65)
3DCRT 1
IMRT 126
Protons 68 (33)
BED
72-84 108 (55)
>85 87 (45)
Fractionation
1.8-2 Gy/fx 160 (82)
Other 35(18)
Chemotherapy sequence
Concurrent 80 (41)
Induction + concurrent 56 (29)
Concurrent + adjuvant 46 (23)
Other 11(6)
None 2(1)
Chemotherapy type
Platin doublet 176 (90)

Table 1 (continues)

Patient Conventional Prognostic
Factors and Treatment

Patient Conventional Prognostic
Factors and Treatment

Characteristics
No. of
Patients
Parameter (n=195)
Platin doublet + erlotinib 13(7)
Single agent platin 6(3)

Note.—The mean patient age was 66 years. Numbers in
parentheses are percentages. BED = biological equivalent
dose, fx = fraction, IMRT = intensity-modulated radiation
therapy, 3DCRT = three-dimensional conformal radiation
therapy.

Patients not experiencing an event
were censored at the last known fol-
low-up date.

Imaging

All patients underwent PET/CT before
initiation of treatment. PET/CT scans
were obtained with either a Discovery
RX or STE scanner (GE Healthcare,
Waukesha, Wis). All images were re-
constructed with three-dimensional or-
dered subset expectation maximization
by using two iterations, 20-21 subsets,
and a 6-mm postprocessing Gaussian
blurring filter. All images were com-
posed of 128 X 128 pixels with voxel
dimensions of 5.47 X 5.47 X 3.27 mm.
Patients fasted for at least 6 hours be-
fore administration of an average inject-
ed dose of 381 Mbq (range, 255-540
Mbq). The average duration from injec-
tion to scanning was 78 minutes (range,
50-124 minutes). Low-dose
hanced CT was performed for attenua-
tion correction by using 120 kVp, auto-
mated milliampere modulation, a pitch
of 1.35, and 3.75-mm-thick sections.

unen-

Conventional Prognostic Factors

We obtained the patient’s T stage (T1
or T2 vs T3 or T4), N stage (NO or N1
vs N2 or N3), overall stage (Illa vs I1Ib),
age, sex, histologic findings (squamous
cell carcinoma vs other), Karnofsky
performance status (score, 90-100 vs
<90), smoking status (current, former,
never), estimated pack-years, use of in-
duction chemotherapy, and gross tumor

volume from the medical records.
These factors were included because
they have all been suggested to be prog-
nostic in stage [IIl NSCLC (13). All TNM
staging was performed according to the
7th edition of the American Joint Com-
mittee on Cancer Staging Manual (14).
Gross tumor volume consisted of both
the primary and nodal disease as de-
fined by the treating radiation oncolo-
gist for definitive radiation therapy. The
gross tumor volume was transformed
before modeling by using the logarithm
to the base.

Quantitative Analysis

The patient’s primary and nodal tumor
volumes were delineated by using the
PETedge feature from MIM software
(version 6.2; MIM Software, Cleve-
land, Ohio). This method was chosen
because it was found in a review by
Werner-Wasik et al (135) to be the most
accurate and consistent technique for
target volume contouring for lung can-
cer lesions on PET scans. In addition,
the PETedge algorithm is semiautomat-
ed and thus capable of higher through-
put than manual contouring. Images
and their corresponding contours were
imported into our in-house quantitative
image software (IBEX), which was de-
signed by using a commercial software
package (Matlab, version 8.1.0; Math-
Works, Natick, Mass) (16). IBEX ex-
tracts quantitative image features from
delineated regions of interest. We used
diagnostic radiologists’ notes from the
medical record along with contours
from the radiation treatment plan to
determine the location of the primary
tumor and nodal disease.

Because the resolution of tumor
contours was on a 512 X 512 image grid
and our images were only 128 X 128,
we designed a resampling algorithm
that measured what percentage of the
image voxel was included in the tumor
contour. This was used to determine
which voxels should be analyzed and
which should be excluded (Fig 1, B).
All voxels with less than 50% of their
volume within the contour were ex-
cluded. This algorithm was needed
because IBEX is written such that any
voxel containing any portion of the
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Figure 1

mmmm PETedge Contour

Figure 1:

Analyzed Voxels

§ Excluded Voxels

lllustration of voxel exclusion based on percentage of voxel within the PETedge

contour. A, Original contour. B, lllustration of analyzed and excluded voxels.

Co-Occurrence Matrix

Intensity Histogram

Shape/Volume

Mean SUV* Contrast Metabolic tumor volume*
Maximum SUv* Correlation Surface area*®
Peak SUV* Energy Convex hull volume®
Entropy Homogeneity Solidity
Uniformity

Standard deviation
Coefficient of variation
Cumulative histogram

Figure 2:

Extracted quantitative PET features. * = Features were calculated for primary

disease, nodal disease, and total disease (primary plus nodal). T = Feature was only
calculated for nodal disease and total disease (primary plus nodal).

contour, no matter how small, is in-
cluded in the binary mask used to de-
termine which voxels should be used
for analysis.

The contours were delineated (by
D.V.F., with 5 years of thoracic con-
touring experience with CT and PET)
and used to calculate eight histogram
features, four co-occurrence matrix
features, and four shape or volume
features (Fig 2) (17). Surface area and
convex hull volume were transformed
by using the logarithm to the base 2
before model development. For the
co-occurrence matrix features, images
were first scaled to the number of gray
levels between the minimum and max-
imum of the tumor SUV by using the
minimum and maximum as the gray
level limits. This effectively rounded the
SUVs within the contour to the nearest
whole number and subtracted the min-
imum SUV. For example, a lesion with

a minimum SUV of 3.2 and a maximum
SUV of 17.8 would first be scaled to
be comprised of values ranging from 3
to 18 and then the minimum value (ie,
3) subtracted, resulting in values from
0 to 15. This allowed for the analyses
to have a finite number of gray levels
and ensured that the new scaled values
had a consistent relationship to the un-
derlying SUVs (ie, a difference of one
between scaled values represented an
SUV change of one). By subtracting
the minimum SUYV, the co-occurrence
matrix features were calculated by us-
ing variability in uptake regardless of
underlying amplitude. Other metrics
(eg, maximum and mean SUV) were
used as metrics to quantify amplitude
of uptake. The co-occurrence matrix
features were computed by generating
the co-occurrence matrix for each of
the four unique two-dimensional direc-
tions (up, up-right, right, down-right)

across the entire tumor in a one-voxel
neighborhood. These four directions
are unique in that their reflections
would generate the same information.
Once calculated, these matrices are
added together, made symmetric across
the diagonal, and normalized to sum to
one. We chose to use only the two-di-
mensional directions rather than each
three-dimensional direction to both
represent the entire tumor and prevent
the anisotropic voxel sizes from having
an effect (ie, adjacent voxels in the x-y
plane have a larger distance than voxels
between image sections).

The peak SUV was defined as the
average of the 3 X 3-pixel neighbor-
hood surrounding the maximum SUV
(18). The convex hull volume was de-
fined as the volume of the smallest con-
vex shape that could encompass the
disease being examined as defined by
the PETedge tool. Solidity was defined
as the disease volume divided by the
convex hull volume; therefore, a lower
value for solidity was indicative of the
disease being more dispersed (Fig 3).

Statistical Analysis

All statistical analyses were performed
in R 3.0.2 with the following R pack-
ages: survival v (version 2.37-4), penal-
ized (version 0.9-42), and survcomp v
(version 1.10.0) (R Foundation, Vien-
na, Austria). Eleven conventional prog-
nostic factors and 27 quantitative im-
aging features (features calculated for
primary, nodal, and total disease were
defined as separate features) extracted
from each patient’s pretreatment PET
scan were entered into a penalized
multivariate Cox proportional hazards
model. Development of cross-validated
predictions by using conventional prog-
nostic factors alone and conventional
prognostic factors plus quantitative
imaging features was performed sepa-
rately. This modeling framework simul-
taneously carries out covariate selec-
tion alongside model development. The
penalization is directed by the L1 pen-
alty parameter, which balances model
fit and model complexity. The penalty
parameter is determined by maximiz-
ing the cross-validated likelihood. The
R penalized package standardizes all
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Primary: Right Middle Lobe
Paratracheal node

High Solidity

Primary: Right Lower Lobe
Hilar and Subcarinal Nodes

Low Solidity

Primary + Nodal Volume

Solidity =

Figure 3: lllustration of solidity metric.

covariates by their unit central L2 norm
before penalization to minimize the in-
fluence of covariates that are off vastly
different scales. The model coefficients
are subsequently rescaled to reflect
their original magnitudes.

To adjust for the bias associated
with training and testing a model on
the same internal dataset, we pre-
dominantly used methods suggested
by Simon et al (19) to generate cross-
validated Kaplan-Meier curves. This
method allows a reasonable estimate
for out-of-sample performance of our
models while using only an internal
dataset (20). Cross-validated Kaplan-
Meier curves are generated by using
model predictions for patients that are
derived from models developed without
the patients’ inclusion in model train-
ing. When performing leave-one-out
cross-validation, a patient is left out of
model development and a prediction
for this patient is generating by using
the remaining cohort. The patient that
is left out is changed and this process
repeated such that each observation in
the sample has a prediction from when
it was not involved in model develop-
ment. These predictions (we used the
linear predictor generated during each
fold of cross-validation) are used to
stratify patients into risk groups. The
linear predictor is defined as the sum of
each of the model coefficient times the
corresponding covariate value of that

Convex Hull Volume

specific patient. Therefore, the higher
the linear predictor the higher the pre-
dicted risk. The generated linear pre-
dictors for each patient from the fold
in which they were left out of model de-
velopment were categorized into one of
five groups by using k-means clustering.
Rather than splitting data by the median
or quartiles, the k-means clustering
considers the underlying distribution
of patient predictions and therefore
generates groups that are more homo-
geneous in their predictions. We be-
lieve this approach allows the resulting
Kaplan-Meier curves to better illustrate
the calibration between actual and pre-
dicted survival. The Harrell concor-
dance index was calculated by using all
195 patients and subsequently only for
patient pairs with survival differences
of at least 6, 12, 18, and 24 months.
The use of survival differences other
than zero was done to allow for clinical
assessment of what survival difference
is “meaningful.” For instance, we would
expect a model’s ability to differentiate
between two patients whose survivals
are vastly different to be superior to
its ability to discriminate between two
patients whose survivals are only sep-
arated by a few months. A likelihood
ratio test was performed to assess the
significance of adding the quantitative
imaging features that were selected
during cross-validation (solidity and
co-occurrence matrix energy) to the

model developed with use of conven-
tional prognostic factors alone. To gen-
erate an overall model for conventional
prognostic factors and the combination
of conventional prognostic factors and
quantitative imaging features, we fit a
Cox proportional hazards models with
covariates that were included in more
than 50% of the 195 folds.

The patient conventional prognostic
factors and characteristics of patient
treatment are listed in Table 1.

A k-means clustering illustrating
the divisions of the linear predictors
into lowest- to highest-risk groups by
using both conventional prognostic fac-
tors and quantitative imaging features
is illustrated in Figure 4. Kaplan-Meier
plots comparing conventional prognos-
tic factors models with conventional
prognostic factors and quantitative
imaging features models are shown in
Figure 5, A and B. Figure 5, C, com-
pares the concordance index between
models with and models without quan-
titative imaging features, with patient
survival differences ranging from 0 to
24 months.

According to the log-rank statis-
tic, the separation between curves is
much better defined in the model with
quantitative imaging features than in
the model with conventional prognos-
tic factors alone (P = .18 vs P = .0001,
respectively). Furthermore, the con-
cordance index at all patient survival
differences is higher in models gener-
ated with quantitative imaging features
than with models generated by using
conventional prognostic factors alone.
The addition of solidity and co-occur-
rence matrix energy to the conventional
prognostic factors alone model yielded
a significant improvement with the like-
lihood ratio test (P = .007). Models that
used factors that were selected in more
than 50% of the cross-validation folds
are shown in Table 2.

We were able to demonstrate that the
incorporation of pretreatment PET
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quantitative imaging features alongside
conventional prognostic factors in sur-
vival models enabled improved model
fit and better stratification of patients in
terms of overall survival compared with
models that used conventional prognos-
tic factors alone. The use of cross-vali-
dation allows the use of all data in both
training and testing and thus is more
efficient than splitting data into inde-
pendent test and validation sets. The
results from cross-validation should
more aptly reflect how the model would
perform in an independent cohort com-
prised of similar patients.

Recent data have suggested that
quantification of intratumoral heteroge-
neity may yield information that could
improve prediction of response and/
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Figure 5: A, Graph of Kaplan-Meier risk groups based on linear predictors from conventional prognostic factors. B, Graph of Kaplan-
Meier risk groups based on linear predictors from conventional prognostic factors and quantitative imaging features. C, Concordance
index (C-Index) values from both models at various time points. CPFs = conventional prognostic factors, CV/ = cross-validation, QIFs =

quantitative imaging features.
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Table 2

Comparison of Model with Conventional Prognostic Factors Alone and Model with Conventional Prognostic Factors Plus Quantitative

Imaging Features

Conventional Prognostic Factors Alone

Conventional Prognostic Factors
and Quantitative Imaging Features

Covariate Coefficient Percentage Folds Selected PValue Coefficient Percentage Folds Selected PValue
Overall stage (lllb [1] vs llla [0]) 0.215 78 .25 NA NA .25

T stage (T3 or T4 [1] vs T1 or T2 [0]) —0.2859 100 1 —0.198 89 .31
Induction (with [1] vs without [0]) —0.1291 95 .52 —0.138 98 49
Age (y) 0.0288 100 .004 0.027 100 .01
Sex (male [0] vs female [1]) 0.5059 100 .01 0.467 100 .02
GTV (mL) 0.196 100 .024 0.225 100 .01
KPS (=90 [1] vs <90 [0]) 0.202 100 16 0.307 100 03
Co-occurrence matrix energy (continuous) NA NA NA —7.227 100 .05
Solidity (continuous) NA NA NA —0.780 100 .01

Note.—GTV = gross tumor volume, KPS = Karnofsky performance status, NA = not applicable.

or prognosis in patients with NSCLC
(9-11). It is hypothesized that tumor
heterogeneity in fluorodeoxyglucose
PET tracer uptake may reflect under-
lying tumor biology such as hypoxia,
angiogenesis, and necrosis (21). There-
fore, these methods could be used to
identify tumors that are predisposed
to aggressive behavior. In NSCLC spe-
cifically, preliminary data exist that
suggest a relationship between quan-
titative imaging features and patient
outcome (9,11). However, these studies
do not sufficiently adjust for conven-
tional prognostic factors when assess-
ing the significance of new quantitative
imaging features. This study is unique
in that substantial effort was made to
generate multivariate models that im-
plement both quantitative imaging
features and conventional prognostic
factors to assess the added benefit of
quantitative imaging features to models
that use conventional prognostic fac-
tors. Furthermore, models frequently
use cohorts comprised of patients with
varying stages of disease, whereas our
cohort is comprised solely of patients
with stage III NSCLC. Models capable
of stratifying patients with a homoge-
neous disease stage may be more clin-
ically useful because different stages
of disease frequently dictate different
treatment courses. Furthermore, so-
lidity and co-occurrence matrix energy

were consistently selected during cross-
validation; conventional PET metrics
such as mean and maximum SUV and
metabolic tumor volume were not se-
lected with nearly the same frequency.
This suggests that our quantitative im-
aging features that examine spatial het-
erogeneity of uptake may be more use-
ful than conventional PET metrics when
adjusting for conventional prognostic
factors. Solidity in our study quantifies
how dispersed the primary and nodal
disease are in a local region context (all
patients with stage III NSCLC). Co-oc-
currence matrix energy quantifies the
uniformity of the SUVs within the pri-
mary tumor while taking into account
the spatial orientation of the voxels. The
co-occurrence matrix energy metric is
calculated by determining the probabil-
ities for different voxel-adjacent voxel
pairs within the tumor, squaring these
values, and summing them together.
Therefore, a completely uniform tumor
would have a co-occurrence matrix en-
ergy of 1 whereas a heterogeneous tu-
mor where few adjacent voxels have the
same SUV would have a co-occurrence
matrix energy value that is very small.
The use of quantitative imaging fea-
tures from routinely obtained images
has the potential to provide beneficial
information to clinicians and their pa-
tients without any added expense or
radiation exposure. Pretreatment risk

stratification could enable clinicians to
deliver more patient-specific treatment
tailored to their individual risk. Par-
ticularly in our cohort of patients with
advanced NSCLC, accurate predictions
might aid in determining the appropri-
ate level of treatment aggressiveness
and maintaining as much of a patient’s
quality of life as possible. In addition,
more accurate models could ensure
more balanced and/or appropriate
treatment arms in prospective trials.

If the use of quantitative imaging
features are ever going to develop out-
side the realm of academic research
and into the clinic, large-scale vali-
dated studies that examine uniformly
calculated metrics are needed. IBEX
provides a framework that researchers
across institutions can use to compare
metrics that are consistently defined
and calculated.

Models that include quantitative im-
aging features have been shown to have
significant potential; however, a few
limitations should be noted. First, most
of the evidence for the association of
quantitative imaging features (including
the evidence in this study) comes from
retrospective reviews and not from pro-
spective assessment. In addition, to
generate sizable cohorts, several stud-
ies have used patient data acquired on
a variety of scanners that implement
various and/or outdated reconstruction
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parameters (eg, differing voxel sizes or
use of two-dimensional reconstruction).
Recently, the literature has shown that
these differences have a significant im-
pact on the reproducibility of the ex-
tracted quantitative imaging features
(22-25). Leijenaar et al (24) analyzed
the reproducibility of quantitative imag-
ing features by using test-retest scans
and specifically found that the co-occur-
rence matrix energy feature had an in-
traclass correlation coefficient of 0.96.
This suggests that this feature may
be “portable” enough to have a broad
implementation. Tumor delineation on
PET images is also less than straight-
forward. Many delineation methods
exist, such as manual contouring, value
thresholding, percentage thresholding,
and a variety of other semiautomated
techniques.

In our study, we used a semiau-
tomated gradient technique because
a review by Werner-Wasik et al (13)
found this method to be the most ro-
bust in terms of accuracy and consis-
tency for NSCLC tumors. Variations
in tumor delineation could easily in-
fluence the extracted quantitative im-
aging features. Another issue to be
cognizant of is the issue of tumor vol-
ume. A volume threshold below which
quantitative features cannot be ac-
curately and/or reproducibility mea-
sured is an area that requires further
investigation. A couple of publications
have examined this issue, but a con-
sensus on size limitation has not been
reached to ensure adequate sampling
(22,26). We have done preliminary
work examining this issue and found
that feature reproducibility with fea-
tures from 5-mL tumors (approxi-
mately 90 voxels) was similar to that
with much larger lesions.

Our work has several limitations.
First, our data are retrospective and
results are derived only from a single
institution cohort and are thus hypo-
thesis generating. Proper validation
with use of a separate cohort of pa-
tients is needed. Second, we originally
considered 27 distinct quantitative im-
aging features and did not perform our
analysis solely by using the two quan-
titative imaging features found to have

an association. This may have led to
overly optimistic results and P values.
However, the use of cross-validation for
simultaneous multivariate selection of
these features should provide a better
assessment of predictive model fit than
resubstitution statistics.

Accurate knowledge of a patient’s
prognosis is a valuable tool in medicine,
particularly in oncology. We demon-
strated that quantitative imaging fea-
tures extracted from pretreatment PET
images could enhance stratification of
patients on the basis of overall survival
compared with conventional prognos-
tic factors. Appropriate use of these
models could aid the treating clinicians
and the patients themselves.
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