
We acknowledge the concern of Banerjee et al. (1), as it becomes
clear from our respective remarks concerning this limitation in the
introduction and discussion sections. In fact, we have concluded
that exendin PET has the potential to be an improvement over 18F-
DOPA PET, but that more work is needed to validate these prelim-
inary results (2).
To allay the concerns of bias spilling into the results of our study,

we would like to stress that our group did realize that PET readings
could be positively biased if the reporting was left only to the inven-
tors of the technique. That is why we chose 2 methods of reading—
that is, clinical reading at the respective site where imaging had been
performed and an independent, masked reading. Thereafter, to over-
come any discordant results, a joint reading was performed.
Although we took the joint reading as reference, knowing that the
gold standard for imaging findings can only be histopathology, spe-
cifically for new tracers and new indications, we did perform histo-
pathologic confirmation in all specimens operated on (Supplemental
Table 2 in (2)). Even the surgeons, trained on using 18F-DOPA
PET–directed surgical planning, clearly stated more confidence
in exendin PET in interpretation of the image results than in
18F-DOPA PET. These results are presented in the supplemental
materials using the validated Likert scale (2).
We are grateful for the comments from Banerjee et al. supporting

the conclusions we have drawn, as the points they raised are in line
with the arguments we have put forward in our paper. Also, we are
grateful that Banerjee et al. raise the issues forwhich the answers can
be found in the supplemental material, thus putting emphasis on this
part of the paper as well. In addition, we hope that our remarks with
respect to a potential bias have helped to allay such concerns.
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Adding Nontumor Radiomic Features to the
Prognostic Model Is Bothersome but Useful

TO THE EDITOR: We read with great interest the article by
Dr. Yusufaly and colleagues (1), who developed a radiomic model

incorporating tumor radiomic features, nontumor radiomic features,
and clinical variables to predict disease recurrence in patients with
cervical cancer. To the best of our knowledge, this was the first study
to suggest that nontumor radiomic biomarkers derived from the
whole body (including bone, fat, and muscle) could improve prog-
nostic modeling of cancer. Previous studies have proven that peritu-
moral radiomic features could improve the performance of radiomic
models (2–4). This study providesmore comprehensive insights into
the tumor and the immune state of the human body.
Despite the encouraging results, several methodologic issues

should be noted. First, we are concerned about the workflow of
the radiomic analysis. Although this study evaluated its radiomic
quality score of 18 points (total points of 36), 2 domains were not
truly conducted, that is, detection and discussion of biologic corre-
lates and potential clinical utility. Although this study hypothesized
that whole-body radiomic features may be associated with immune
system function and could reflect variation in patients’ global
inflammatory state, it did not investigate the biologic meaning
behind radiomic features by correlation with computational pathol-
ogy features, radiology–pathology coregistration, or analysis of bio-
logic pathways or genomic correlations (5). In addition, an assessment
of potential clinical utility through statistical methods such as decision
curve analysis was not performed. Second, the current feature selection
is not enough despite the fact that the authorsmanually excluded several
highly correlated features; more sophisticated and rigorous dimension-
ality reduction methods (such as intraclass correlation analysis and
Pearson correlation coefficient analysis)must be implemented to ensure
the reproducibility and independence of the identified radiomic features
(6). Third, this study applied onlyC-index as a discriminationmetric for
evaluating the predictive performance of radiomic models, but this
metric is not enough, as calibration is not fully captured by C-index.
Calibration statistics such as calibration plots, which reflect the consis-
tency between the true probability and the predicted probability, are
needed (7). Both discrimination and calibration statistics are recom-
mended when evaluating the performance of models. Fourth, use of
the cindex.comp package and net reclassification improvement is rec-
ommended for pairwise comparisons of model performance. Fifth,
given the distinct prognosis between early-stage and advanced-stage
tumors, the risk stratification determined by radiomics may be con-
founded by tumor stage; a subgroup analysis by stage can be consid-
ered to identify the true effect of radiomics. In addition, Figure 6
showed the same hazard ratios in the models based on stage plus
tumor-related biomarkers and the model based on all biomarkers, sug-
gesting that whole-body biomarkers failed to provide additional infor-
mation for risk stratification. Finally, as the authors acknowledged in
the limitations, the radiomic model was developed and validated at a
single small center; multiple external validations would be beneficial
for more generalizability to heterogeneous groups of patients regard-
less of the clinical setting.
Despite the above-mentioned limitations, we still appreciate Yusu-

faly and colleagues for their outstanding work on nontumor radiomic
biomarker analysis, which provides a more holistic model. We look
forward to further works to improve the validity and generalizability
of their radiomic models.
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Reply: Adding Nontumor Radiomic Features to
the Prognostic Model Is Bothersome but Useful

REPLY: We appreciate the comments (1) by Zhang and Zhang in
response to our manuscript (2). We thank them for their compliments
about our work overall. However, we would also like to clarify several
points of confusion for their sake and for readers generally.
First, our feature selection involved more than simply “manually

excludingseveralhighlycorrelated features.”Wealsoperformedfea-
ture reduction by individually assessing features for significant asso-
ciation with recurrence, using bootstrap resampling. We then
performed forward stepwise feature selection for model building,
carefully checking for nonredundancy of added features at each
step, using model stability testing based on bootstrap analysis of the
out-of-bag C-indices. Consequently, our stepwise selections termi-
nated after nomore than 5 rounds, instead of spuriously adding corre-
lated features. Additionally, to further test that these selected features
werenotoverfittingtonoise,weevaluatedourmodelonthetestsetand
calculatedC-indexCIs to ensure that training and test C-indices over-
lapped. This combination of procedures more than satisfies the
authors’demandfor“moresophisticatedand rigorousdimensionality
reductionmethods… to ensure the reproducibility and independence

of the identified radiomic features” (1).We also note that the rigorous
tests for nonredundancy thatwe implemented rebut the authors’ com-
ments regarding subgroup analysis by stage, because the nonredund-
ancy between radiomics and stage is already built-in to the model
development.
Second, regarding the statement that “Figure 6 showed the same

hazard ratios in the models… suggesting that whole-body bio-
markers failed to provide additional information for risk strat-
ification.” We presume the authors are referring to the comparison
between Figures 6B and 6C. However, as we mention, the risk score
cutoff in Figure 6C was explicitly chosen solely to ensure an equal
number of high-risk and low-risk cases as in Figures 6A and 6B
for comparison. It was not chosen to optimize the hazard ratio; how-
ever, the cutoff in Figure 6D was chosen in this way, where one can
see that the optimal stratification using whole-body radiomics-based
risk score outperforms the other stratifications.
We agree with some of the authors’ points. Although we discussed

potential physiologic correlates of our features, the biologic meaning
of the features would undoubtedly be more precise by “correlation
with computational pathology features, radiology–pathology coregistra-
tion, or analysis of biologic pathways or genomic correlations.” This
was beyond our scope of work but is a worthy line of inquiry for future
validation studies. We also agree that other measures of model perfor-
mance could have been reported, including decision curve analysis,
calibration plots, or net reclassification improvement. Indeed, there
are a wide variety of measures that are reasonable, and the choice of
which to report always involves an element of arbitrariness. The met-
rics we reported, including the C-indices, 2-y receiver-operating-char-
acteristic curve and risk stratificationswith hazard ratio,were chosenon
the basis of their widespread usage in the biostatistics literature. Never-
theless, we concede that future validation studies would benefit from a
more comprehensive set of assessments.
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