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Abstract
Purpose.To investigate image intensity histograms as a potential source of useful imaging biomarkers
in both a clinical example of detecting immune-related colitis (irColitis) in 18F-FDGPET/CT images
of immunotherapy patients and an idealized case of classifying digital reference objects (DRO).
Methods.Retrospective analysis of bowel 18F-FDGuptake inN=40 patients receiving immune
checkpoint inhibitors was conducted. ACNN trained to segment the bowel was used to generate the
histogramof bowel 18F-FDGuptake, and percentiles of the histogramwere considered as potential
metrics for detecting inflammation associatedwith irColitis. Amodel of the colonwas also considered
using cylindrical DRO.Classification ofDROwith different intensity distributions was undertaken
under varying geometry and noise settings.Results.Themost predictive biomarker of irColitis was the
95th percentile of the bowel SUVhistogram (SUV95%). Patients later diagnosedwith irColitis had a
significantly higher increase in SUV95% frombaseline tofirst on-treatment PET than patients who did
not experience irColitis (p=0.02). An increase in SUV95%>+ 40% separated pre-irColitis change
fromnormal variability with a sensitivity of 75%and specificity of 88%. Furthermore, histogram
percentiles were idealmetrics for classifying ‘hot center’ and ‘cold center’DRO, andwere robust to
varyingDROgeometry and noise, and to the presence of spoiler volumes unrelated to the detection
task.Conclusions.The 95th percentile of the bowel SUVhistogramwas the optimalmetric for
detecting irColitis on 18F-FDGPET/CT. Image intensity histograms are a promising source of
imaging biomarkers for clinical tasks.

Background

Recently, many classes to imaging features have been
considered as possible predictors of clinical outcome.
The practice of extracting hundreds or thousands of
image features as potential predictive biomarkers has
become known as radiomics (Aerts et al 2014, Gillies
et al 2016). Many radiomics feature types have been
explored and have successfully been demonstrated to
be prognostic of clinical outcome for a wide variety of
imaging modalities, disease settings, and treatment

types (Nie et al 2016, Sun et al 2018, Wang et al 2018,
Crombé et al 2019, Mu et al 2019). For clinical
translation, it is critical that developed biomarkers be
robust and reproducible so that they generalize well to
different imaging hardware and acquisition protocols.
Furthermore, biomarkers should be interpretable to
clinical end users to gain their trust. Thus, it is
imperative that the reproducibility, robustness, and
interpretability of new biomarkers be characterized.

Immune-related colitis (irColitis) is a serious side
effect of cancer treatment using immune checkpoint
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inhibitors (ICI) that can force ICI treatment stoppage
at even moderate grades (Puzanov et al 2017). Inci-
dence of high-grade irColitis requiring hospitalization
of 8%-14% has been reported for patients receiving
combination anti-PD1 and anti-CTLA4 ICI (Larkin
et al 2015). Delay in diagnosis and treatment of high-
grade irColitis increases the chance of significant com-
plications such as ileus, colonic distension, toxic
megacolon, bowel perforation requiring surgical
intervention and colectomy, or even death (Beck et al
2006, Puzanov et al 2017). Therefore, early detection
of irColitis is critical to expedite appropriate interven-
tion, prevent further progression, and avoid unin-
tended complications (Sosa et al 2018). Disease status
and treatment response to ICI are monitored with
whole-body 18F-fluorodeoxyglucose positron emis-
sion tomography/computed tomography (18F-FDG
PET/CT), which is also sensitive to inflammation
which is the pathogenesis of immune-related side
effects of ICI such as irColitis (Iravani and
Hicks 2020).

Correlation between qualitative assessment of
18F-FDG bowel uptake and patient experience of diar-
rhea while receiving anti-CTLA4 ICI has been reported
(Lang et al 2019), but no quantitative imaging bio-
marker of irColitis has been established. Identifying a
quantitative imaging biomarker of irColitis is difficult
due to the varied appearance irColitis-related inflam-
mation on 18F-FDG PET and the complex abdominal
anatomy around the colon. Depending on the extent of
involvement, elevated 18F-FDG uptake associated with
colitis may take a focal or diffuse appearance (Cho et al
2020). Additionally, high 18F-FDG uptake in the kid-
neys, ureter, and bladder can confound automated ana-
lysis of 18F-FDGuptake in the colon.

In this work, we investigate percentiles of the image
intensity histogram as robust and interpretable bio-
markers for detecting irColitis on 18F-FDG PET/CT.
Percentile-based metrics are commonly utilized in
radiotherapy (RT) treatment planning, where Dose-
Volume Histogram (DVH)metrics are used to describe
the percentage of a given volume that will receive a given
radiation dose (Drzymala et al 1991). Histogrampercen-
tile-based metrics have been used to predict pulmonary
toxicity following RT for lung cancer (Rodrigues et al
2004), and have been used in non-RT applications
as well, including quantifying tumor heterogeneity
(O’Connor et al 2015) and predicting malignant trans-
formationof gliomaonbrainMRI (Tofts et al2007).

In the specific context of 18F-FDG PET/CT, the
maximum standardized uptake value (SUVmax) has
been used as an imaging biomarker (Nakamura et al
2010, Horne et al 2014, Chen et al 2019). However,
SUVmax is determined by uptake in a single image
voxel within the ROI, and so is susceptible to noise and
ROI mis-segmentation. Some early work has been
done to propose histogram percentiles as a more
robust alternative to SUVmax for characterizing PET
tracer accumulation. In (Baiocco et al 2019), the 95th

percentile of the SUV values from within the kidney is
demonstrated to be a more reliable indicator of ele-
vated renal uptake than SUVmax on

68Ga-PSMA PET.
The goal of this paper is to investigate percentiles of
the SUV histogram as a robust, interpretable, and
optimizable alternative to standard SUV metrics such
as SUVmax for detecting irColitis in both an idealized
model using digital reference objects (DRO) and in
clinical 18F-FDGPET/CTdata.

Methods andmaterials

Histogrammetrics
As theoretical support for our work identifying
irColitis, we first conducted a series of studies of
histogram percentiles using an idealized model of the
colon with cylindrical digital reference objects (DRO).
Consider the histogram of image intensity values
within an ROI H(x). We define the set of histogram
percentiles PY% as the image intensity value of the Yth
percentile ofH(x), whereY can vary between 0 and 100
(equation (1)). The normalization condition for the
histogram is defined by equation (2).

ò =H x dx
Y

100
1

P

0

Y %

( ) ( )

ò =
-¥

¥
H x dx 1 2( ) ( )

The histogram H(x) describes the percentage of
ROI volume exceeding a certain intensity x. For exam-
ple, consider an ROI drawn on a CT image. If the 90th
percentile of the histogram (P90%) is 200 HU, this
means 10% of the ROI volume has a density greater
than 200HU. A visual description of the calculation of
PY%metrics is shown infigure 1.

For a given task, the optimal percentile Popt% can
be determined by evaluating the performance of all
percentiles and choosing the percentile that max-
imizes (orminimizes) a given performancemetric. For
this study, we define Popt% to be the percentile which
maximizes area under the receiver operating char-
acteristic curve (AUROC):

=P AUROCargmax 3opt
i

i% ( ) ( )

Digital reference object study
To understand how specific imaging features affect
histogram percentile values, we consider the problem
of classifying cylindrical DRO as a simplified model of
the colon. We consider three experiments of classify-
ing ‘background’ DRO with radius R, height Z, and
intensity I0 versus DRO with added features (‘hot
center’ and ‘cold center’). We also consider the case of
a ‘spoiler’ volume being added to both ‘background’
and ‘hot center’ cylinders to demonstrate the effect of
an imaging feature unrelated to the classification task
on percentile values, and to demonstrate how percen-
tile-based classification can overcome the presence of
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a spoiler. The cylinder geometry is described in
figure 2.

For each experiment, we generateN replicateDRO
of each class, calculate the set of histogram percentiles
PZ% for each DRO, and evaluate each percentile as a
predictor of cylinder class. The histogram is generated
from the ROI of the large background cylinder. Classi-
fication performance is evaluated with area under the
receiver-operating characteristic curve (AUROC).

‘Background’ versus ‘hot center’
First, we consider the task of classifying ‘background’
DRO versus ‘hot center’ DRO. ‘Hot center’ DRO are

identical to ‘background’ DRO with the addition of a
smaller added ‘hot center’ cylindrical volume of height
z, radius r and intensity I. Cylinder intensity values are
additive, so the mean intensity within the added
cylinder is +I I .0 Noise in the ‘background’ and ‘hot
center’ cylinders is produced by sampling values from
a normal distribution with standard deviations k I0

and +k I I ,0 respectively.
We hypothesize that percentiles at and above the

volume fraction of the added ‘hot center’ cylinder
VFHC will successfully classify ‘background’ versus
‘hot center’. For the ‘hot center’ case, this will be the
highest percentiles of the ROI. We define the

Figure 1.Visual description of calculating percentilemetrics. (a)The raw image intensity histogramH(x) is constructed bymasking
the imagewith the ROImask. (b)The cumulative density function (cdf) of this histogram is computed and normalized in accordance
with equation (2). (c)Percentilemetrics PY% can be inferred easily from the final cumulative histogram. As an example, we showhow
P80% can be read from this plot.

Figure 2. (a)Geometry of cylindrical digital reference objects (DRO). A blue ‘background’ cylinder has radius R, height Z, and
intensity I0. Adding a red cylinderwith radius r, height z, and intensity I is done to create either ‘hot center’ (if I>I0) or ‘cold center’
(if I<I0)DRO.Adding a green spoiler cylinder with radius rs, height zs, and intensity Is to simulate the impact of an image feature
unrelated to the classification task. (b)DROaxial slices. Radius of added ‘hot center’ or ‘cold center’ increases bottom to top, contrast
between added cylinder and background increases from left to right.

3
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saturation percentile corresponding to this volume
fractionYsat,HC%:

= ´ -

= ´ -

Y VF

r z

R Z

% 100% 1

100% 1 4
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Where the ‘hot center’ cylinder has radius r and height
z, and the background’ cylinder has radius R and
height Z. We simulate sets of N ‘background’ DRO
and N ‘hot center’ DRO for various ‘hot center’
cylinder sizes and contrasts and observe classification
performance as a function of histogrampercentile.

‘Background’ versus ‘cold center’
Next, we consider the case of detecting a volume with
intensity lower than background (a ‘cold center’). ‘Cold
center’ DRO are identical to ‘background’ DRO with
the addition of a smaller added ‘cold center’ cylinder of
radius r and intensity I.Mean intensitywithin the added
cylinder is I0—I. Noise in the ‘background’ and ‘cold
center’ cylinders is produced by sampling values from a
normal distributionwith standard deviations k I0 and

-k I I ,0 respectively.
Similar to the ‘hot center’ case, we hypothesize that

classification performance will saturate for percentiles
which correspond to the volume fraction of the added
cylinder VFCC. For ‘cold center’ cylinders, this will be
the lowest percentiles of the ROI. So, classification
performance will be highest for percentiles below
Ysat,CC%:

= ´ = ´Y VF
r z

R Z
% 100% 100% 5sat CC CC,

2

2
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⎝

⎞
⎠
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Where the ‘cold center’ cylinder has radius r and
height z, and the background’ cylinder has radius R
and height Z. We simulate sets of N ‘background’
DROandN ‘cold center’DRO for various ‘cold center’
cylinder sizes and contrasts and observe classification
performance as a function of histogrampercentile.

Spoiler subvolumes
To explore the impact of image features that are
unrelated to the classification task on histogram
percentiles, we consider the case of adding ‘spoiler’
subvolumes to the reference objects. In this experi-
ment, ‘spoiler’ subvolumes were added to both ‘back-
ground’ and ‘hot center’DRO. ‘Spoiler’ cylinders have
radius rs, height zs, and intensity Is.

We hypothesize that classification performance
will increase with percentile and saturate at percentiles
that correspond to the volume fraction of the ‘hot cen-
ter’ cylinder, but then drop above percentiles which
correspond to the volume fraction of the ‘spoiler’
volume, since both classes of cylinder will contain a
‘spoiler’. Thus, we define a minimum (Ymin,SP%) and
maximum (Ymax,SP%) percentile for saturated classifi-
cation performance:
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Where the ‘hot center’ cylinder has radius r and height
z, the ‘background’ cylinder has radius R and height Z,
and the ‘spoiler’ cylinder has radius rs and height zs.
We simulate sets of N ‘background’ DRO with added
‘spoilers’ andN ‘hot center’DROwith added ‘spoilers’
for various ‘hot center’ cylinder sizes and contrasts and
observe classification performance as a function of
histogrampercentile.

Statistical analysis
For each experiment, we extract the set of ROI
intensity percentiles from each digital reference object
and evaluate the performance of each percentile as a
predictor of DRO class. Classification performance is
quantified by the area under the receiver operating
characteristic curve (AUROC).

Detecting immune-related colitis on 18F-FDG
PET/CT
Patient population
We conducted retrospective analysis of patients with
melanoma, lung cancer, or lymphoma treated with
ipilimumab, nivolumab, or a combination of the two
at the University of Wisconsin Carbone Cancer
Center, Madison, WI, USA. Imaging data were
acquired between March 2013 and October 2019. We
required that patients received a baseline 18F-FDG
PET scan fewer than 12 weeks prior to starting ICI
treatment and had at least one PET scan during or
following treatment. Patients who did not have scans
within the specified time points were excluded from
this analysis. Chart review of patients who met these
criteria was conducted to identify which patients
received a clinical diagnosis of irColitis. In all but one
patient, irColitis diagnosis was confirmed by colono-
scopy with biopsy. This study was HIPAA compliant
with a waiver of informed consent. It was approved by
the Institutional ReviewBoard (IRB 2015-0273).

18F-FDGPET acquisition
18F-FDG PET images were acquired on four PET/CT
scanners at the University of Wisconsin-Madison: GE
Discovery 710, GE Discovery STE, GE Discovery IQ,
and GE Discovery MI (General Electric, Waukesha,
WI). Our institutional PET imaging protocol required
that patients fast for 6 h prior to injection of the
radiotracer and have a blood glucose level below
200 mg dl−1 at the time of the scan. Patients were also
required to hold diabetic medication for 6 h prior to
radiotracer injection. On the GE Discovery IQ,
patients were injected with 259±52 MBq of
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18F-FDG. On all other scanners, patients were injected
with a weight-based dose of 5.2 MBq per kilogram
(minimum 370 MBq) of 18F-FDG. Scans were
acquired 60±10 min post-injection. A low-dose CT
was acquired for attenuation correction. Following
reconstruction, images were normalized by patient
weight and injected dose to compute Standardized
UptakeValues (SUV).

PET image analysis
18F-FDG PET/CT images acquired <12 weeks prior
to ICI initiation and any available scans acquired
during or following treatment were analyzed. Due to
the retrospective nature of the data collectionmethod,
the timing of scans relative to treatment start was
variable between patients. A retrospective harmoniza-
tion method was used to maintain the quantitative
accuracy of SUVmetrics across different PET scanners
(Namías et al 2020). Different reconstruction para-
meters from each scanner were identified from the
PET DICOM headers, including post-reconstruction
filters. NEMA phantom scans from each scanner were
used to identify optimal post-filters that minimized
the dispersion of contrast recovery coefficients
(CRCmax) across scanners. PET images were then
unfiltered via Wiener deconvolution and refiltered
using the determined optimal filters to obtain harmo-
nized PET images.

A convolutional neural network (CNN) was
trained to segment the bowel from low-dose CT ima-
ges for the purpose of quantifying bowel FDG uptake.
A CNN was chosen for segmentation due to its ability
to segment irregular and variable structures, such as
the bowel. The network architecture used was Deep-
Medic, a 3-D, patch-based CNN with multi-resolu-
tion pathways (Kamnitsas et al 2017). The loss
function used was Dice similarity coefficient (DSC).
The optimizer was RMSprop (Tieleman and Hinton,
2012). Manual bowel contours of 60 patients (20
patients from the VISCERAL.eu Anatomy3 bench-
mark (Jimenez-del-Toro et al 2016) and 40 from a pri-
vate institutional dataset) were produced by an
experienced graduate student using 3D Slicer
(Fedorov et al 2012) and used as training data. The
whole bowel was contoured from the distal end of the
stomach to the rectum. Labeled data were split 80%/

20% (N=48/N=12) for training/validation. Addi-
tionally, bowel contours were produced by an expert
nuclear medicine physician on N=46 18F-FDG
PET/CT images from a public dataset hosted by The
Cancer Imaging Archive (Kinahan et al 2019) to be
used as independent test data to assess the general-
izability of the bowel segmentationCNN.

As preprocessing, images were resampled to a
cubic 2 mm grid, and normalized to have a mean of 0
and standard deviation of 1 within the patient as
defined in equation (8):

m
s

=
-

I
I

8norm
I

I

( )

Where μI and σI are the mean and standard deviation
of the distribution of pixel intensity values of the CT
image I. Data augmentation via histogram shifting,
histogram scaling, and random rotation was used to
increase the effective training dataset size. CNN
training was done on a workstation with one NVIDIA
TitanXpGPUwith 12GBofmemory.

The low-dose CT image from the 18F-FDG PET/
CT scans were input into the trained CNN to produce
automatic bowel contours. The predicted bowel mask
was then applied to the PET image to quantify bowel
18F-FDG uptake. SUV metrics extracted from the
bowel contours included maximum uptake (SUVmax),
average uptake (SUVmean), and total uptake (SUVtotal).
Additionally, the histogram of SUV within the bowel
was constructed (van Velden et al 2011), and percen-
tiles of the SUV histogram were investigated as poten-
tial biomarkers of irColitis.

Relative changes in bowel SUVmetrics from base-
line PET prior to ICI start (PET1) to the 1st
on-treatment PET (PET2) were calculated
(D = ´ -SUV PET PET PET100% 2 1 1( ) ) and
compared to clinical diagnoses of irColitis as noted in
patient’s electronic medical records. IrColitis grade
was assigned retrospectively by reviewing the clinical
course of the symptoms and based on medical records
documentations using CTCAE v5.0. The CTCAE
assigns grades for colitis and diarrhea of 1 to 4 based
on the severity of abdominal pain, presence of blood in
stool, and frequency of bowelmovements.

Statistical analysis
Patients were divided into two groups for analysis:
patients who received a clinical diagnosis of irColitis,
and patients who did not. Relative changes in bowel
SUV metrics from PET1 to PET2 were analyzed with
Wilcoxon rank-sum tests to assess significant differ-
ences between the two groups. Receiver-operator
characteristic (ROC) analysis was used to determine
an optimal threshold for separating the two groups.
Image analysis and statistical testing was done using
MATLABR2020b (TheMathWorks, Inc., Natick,MA,
United States).

Results

Digital reference object study
To explore image histogram percentiles as potential
biomarkers of irColitis, we first performed studies
using cylindrical digital reference objects as an idea-
lized model of the colon with controllable geometry.
For each experiment, a set of N=500 cylinders of
each class were generated. The radius and height of
simulated DRO was R=32 pixels and Z=8 pixels
for background cylinders. Sizes of added ‘hot center’,
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‘cold center’, and ‘spoiler’ cylinders are defined relative
to the size of the background cylinder.

Varying cylinder size
First, we investigated the impact of added cylinder size
on detectability. We varied the height z and radius r of
added ‘hot center’ and ‘cold center’ cylinders but fixed
their intensity and noise levels. For ‘hot center’
cylinders, intensity was fixed at 2*I0; for ‘cold center’
cylinders, intensity was fixed at 0.1*I0, where I0 is the
intensity of the background cylinder. Added ‘spoiler’
cylinders had fixed intensity Is=5*I0. Noise levels
were set to the square root of the local intensity in all
cylinders (k=1).

When classifying ‘background’ versus ‘hot center’
cylinders, classification performance increased with
ROI percentile and plateaued around Ysat,HC%,
corresponding to the volume fraction of the ‘hot cen-
ter’ cylinder (figure 3(a)). This behavior was observed

for all values of r and z.When classifying ‘background’
versus ‘cold center’ cylinders, classification perfor-
mance was again highest at percentiles corresponding
to the volume fraction of the ‘cold center’ cylinder
Ysat,CC%, but because the intensity of the cold center
was lower than background, these were the lowest per-
centiles of the ROI histogram (figure 3(b)).

When a spoiler cylinder was added to both ‘back-
ground’ and ‘hot center’ DRO, classification perfor-
mance increased with histogram percentile and
saturated aroundYmin,SP%, corresponding to the com-
bined volume fraction of the hot center and spoiler
cylinders. At percentiles above Ymax,SP%, corresp-
onding to the volume fraction of the spoiler cylinder,
performance drops rapidly as anticipated (figure 3(c)).

Varying cylinder contrast
We repeated our three experiments with fixed cylinder
geometry but varying added cylinder intensity and

Figure 3.DROclassification performance for varying cylinder radii r and height z. For ‘background’ versus ‘hot center’ classification
(a), performance saturation occurs at percentiles above the volume fraction of the ‘hot center’ cylinder, as defined byZsat,HC%. For
‘background’ versus ‘cold cylinder’ classification (b), performance saturation occurs at percentiles below the volume fraction of the
‘cold center’ cylinder, as defined byZsat,CC%. For ‘background versus ‘hot center’with spoilers classification (c), performance is
highest aroundZmin,SP% and drops significantly aboveZmax,SP%.
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noise properties. For this investigation, ‘hot center’ and
‘cold center’ cylinders hadfixed radii r=R/4 and fixed
height z=Z, where R and Z are the radius and height
of the background cylinder, respectively. The ‘spoiler’
cylinder had fixed intensity Is=5*I0, fixed radius
rs=R/4, and fixed height zs=Z. Intensity of added
‘hot center’ ( ÎI I I I I1 , 2 , 4 , 80 0 0 0{ }) and ‘cold
center’ ( ÎI I I I I0.1 , 0.2 , 0.4 , 0.80 0 0 0{ }) was varied.
Noise parameter kwas also varied ( Îk 1, 2, 4, 8{ }).

In general, DRO classification performance was
highest for higher cylinder contrast and lower noise
(figure 4(a)–(b)). Performance saturation continued
to correspond to the volume fraction of the hot center
or cold center cylinders, although AUROC saturation
did not occur at lower contrast and higher noise levels.

When a spoiler cylinder was added to the back-
ground versus hot center classification task, classifica-
tion performance was again highest for percentiles
aboveYmin,SP% and belowYmax,SP% (figure 4(c)).

Comparing histogram percentiles to ROIminimum, ROI
maximum, andROImean
Comparison of ROI mean, ROI maximum, ROI
minimum, and optimal percentile is shown in table 1.
For classifying background versus hot center DRO, the
ROI maximum performed as well as the optimal
percentile (AUROC=1). The range of percentiles for
optimal classification performance corresponded to
the volume fraction of the hot center cylinder. ROI
mean and ROI minimum were not useful in detecting
hot center DRO. Similarly, for classifying background
versus cold center DRO, the ROI minimum per-
formed as well as the optimal percentile. ROI mean
and ROI maximum were not useful in detecting cold
centerDRO.

When a spoiler volume was introduced to the
background versus hot center classification problem,
the AUROC for ROImaximum dropped to 0.51, indi-
cating classification performance no different from

Figure 4.DROclassification performance for varying intensity I and noise parameter k for the threeDRO classification tasks:
(a) background versus hot center, (b) background versus cold center, and (c) background versus hot center with spoiler.

7

Biomed. Phys. Eng. Express 7 (2021) 065019 DTHuff et al



randomguess. The optimal percentile retained its clas-
sification performance (AUROC=1), but the range
of optimal percentiles was shifted down by an amount
corresponding to the volume fraction of the added
spoiler volume as compared to the case of no spoiler.
ROI mean and ROI minimum were not useful in
detecting hot centerDROwith a spoiler.

Detecting immune-related colitis on 18F-FDG
PET/CT
Automatic bowel segmentation byCNN
To evaluate the performance of our CNN model to
segment the bowel, an independent test set ofN=46CT
volumes from a public PET/CT image dataset was used.
Reference segmentations of the bowel were produced by
an expert Nuclear Medicine physician. Segmentation
performance was quantified using the Dice Similarity
Coefficient (DSC) and the Average Symmetric Surface
Distance (ASSD) as defined in (Heimann et al 2009). In
the test set, median bowel DSC was 0.92 (range
0.61–0.99).MedianASSDwas0.3 cm (range: 0.0–4.3).

Retrospective study of irColitis on 18F-FDGPET/CT
Forty patients with melanoma (n=30), lymphoma
(n=6), or lung cancer (n=4) received ipilimumab or
nivolumab between 2013 and 2019 and were included
in this study. The median age of the patients at PET1
was 54 years (range: 16–90). Sixteen patients (40%)
were female. Eleven patients (28%) received combina-
tion ICI of ipilimumab plus nivolumab, while 14 (35%)

and 15 (38%) received single agent ICIwith ipilimumab
ornivolumab, respectively.

A total of 184 18F-FDG PET/CT scans were col-
lected. The median number of scans available per
patient was 4 (range: 1–17). Median time from base-
line PET (PET1) to treatment start was 28 days (range:
2–83). Median time from treatment start to first on-
treatment PET (PET2) was 91 days (range: 2–453).
Median time between PET1 and PET2 was 114 days
(range: 58–489 days).

Chart reviewdetermined that 18% (7/40) of patients
were clinically diagnosed with irColitis (Grade 2: n=3,
Grade 3: n=4). The median time from treatment start
to clinical irColitis diagnosiswas 84days (range: 13–302).
Colitis incidence was higher in the combination ipilimu-
mab plus nivolumab group (36%, 4/11), than either sin-
gle agent groups (ipilimumab: 14%, 2/14, nivolumab:
7%, 1/15). Of the sevenpatientswho experienced irColi-
tis, 14% (1/7) did not have any available follow-up PET
imaging and 28% (2/7) were diagnosed prior to PET2.
These three patients were removed from the analysis.
This left four patients forwhich the on-treatment change
in bowel 18F-FDGuptake could be evaluated as amarker
of irColitis. The 33 remaining patients who did not
receive an irColitis diagnosis were assumed to represent
normal, physiological bowel 18F-FDG accumulation,
andwereused asnormal controls.

SUV95%, defined as the 95th percentile of the
bowel SUV histogram, demonstrated a significantly
higher increase in patients who later experienced irCo-
litis than those who did not (Wilcoxon rank-sum test,
p=0.02). Relative change in bowel SUVmean,
SUVmax, and SUVtotal from PET1 to PET2 were not
significantly different between patients who did
experience irColitis and patients who did not
(figure 5). ROC analysis showed that an increase in
SUV95% of greater than+40% separated irColitis find-
ings from normal bowel change with a sensitivity of
75% and specificity of 88%. The area under the ROC
curve (AUROC) for SUV95% was 0.86 (figure 6(a)).
AUROC for SUVmean, SUVmax, and SUVtotal did not
exceed 0.6. Sensitivity analysis of the SUV histogram
percentile used as a metric to detect irColitis demon-
strated stability over the range of SUV93% to SUV98%

with AUCs above 0.8 for this range of percentiles
(figure 6(b)). Example bowel SUV histograms for one
patient with irColitis and one patient without irColitis
are shown in figure 7. Change in bowel SUV95% by
irColitis grade was: grade 2 (n=2): +21% and
+61%, and grade 3 (n=2):+40%and+59%.

In patients later diagnosed with irColitis, the ele-
vated bowel uptake was seen on PET2 amedian of 115
days prior to clinical diagnosis (range: 30–206). In two
patients, multiple consecutive PET scans demonstrate
increased bowel uptake prior to clinical diagnosis, as
measured by SUV95%. Longitudinal series of bowel
SUV95% for patients who experienced irColitis and
when clinical diagnosis was made is shown in figure 8.

Table 1.AUROCvalues for classifyingDRObyROImean value,
ROImaximumvalue, ROIminimumvalue, and the optimal ROI
histogrampercentile. Optimal percentile is defined to be the
histogrampercentile which produces the highest AUROC
(equation (3)). Ifmultiple ROI percentiles result in the same
AUROC, the range of percentiles that result in the highest AUROC
is given. Values are provided for one fixedDROgeometry, intensity,
and noise setting.

ROI

mean ROImax ROImin

Opt percen-

tile (Popt%)

BGversusHC 0.68 1 0.51 1 ([P94%,
P100%])

r=R/4,
z=Z,
I=2I0,
k=1
BGversus CC 0.44 0.51 0.96 0.97 (P3%)
r=R/4,
z=Z,
I=0.8I0,
k=1
BGversusHC

w/ spoiler

0.68 0.51 0.51 1 ([P87%,
P92%])

r=R/4,
z=Z,
I=2I0,
k=1,
rs=R/4,
Is=10I0
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18F-FDG PET maximum intensity projections of a
patient who experienced irColitis are highlighted in
figure 9.

PET scan harmonization did not significantly
affect our ability to detect irColitis. All reported PET
metrics were extracted from harmonized PET data but
repeat analysis using PET images prior to harmoniza-
tion yielded similar results. Non-harmonized change
in SUVmean, SUVmax, and SUVtotal from PET1 to PET2
were not significantly different by irColitis status
(p>0.05). Change in SUV95% remained significantly
higher in irColitis patients (p=0.02). The impact of
harmonization on baseline PET metrics, and long-
itudinal change in SUV95% is shown infigure 10.

Discussion

In this study, we considered histogram percentiles as
potential imaging biomarkers for detecting irColitis
and demonstrated the connection between image
features and percentile values in an idealized setting
using DRO. In a retrospective clinical dataset, we
demonstrated that SUV95%, the 95th percentile of the
SUV histogram, was the optimal metric for the early
detection of bowel inflammation resulting from
immune-related colitis. We showed that the early, on-
treatment change in SUV95% was significantly higher
for patients who experienced irColitis than for patients
who did not experience irColitis. The early detection

Figure 5.Patient change in bowel SUV95%, SUVmean, SUVmax, and SUVtotal fromPET1 to PET2 in patients with normal bowel (NB)
and patients who later received a diagnosis of irColitis (AE). (a)Change in bowel SUV95% defined as the relative change in the 95th
percentile value of the bowel SUVhistogram fromPET1 to PET2was found to be significantly higher in patients who later received a
diagnosis of irColitis than in patients with normal bowel (Wilcoxon rank-sum test, p= 0.023).

Figure 6. (a)Receiver operator characteristic (ROC) curve for change in SUV95% achieved anAUROCof 0.86 for predicting irColitis.
Comparisonmetrics SUVmean, SUVmax, and SUVtotal were not predictive of irColitis. An increase in SUV95% of greater than+40%
(operating point indicated by *)had a sensitivity of 75%and specificity of 88% in identifying pre-colitis bowel change. (b) Sensitivity of
irColitis detection to bowel SUVhistogrampercentile. TheAUROCwas calculated for each percentile of the bowel SUVhistogramX
(SUVX%)where Xwas varied from0 to 100.Optimal performancewas observed at SUV95%, with anAUCof 0.86. Percentiles from
SUV93% to SUV98% all achieved AUC>0.80.
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of irColitis-related findings is critical, as early identifi-
cation of irAE is highly important to expedite appro-
priate intervention, prevent further progression, and
avoid unintended complications and long-term
sequelae (Sosa et al 2018).

Percentile-based image analysis has several bene-
fits and limitations that should be discussed. First, per-
centile-based metrics can overcome issues of image
noise or ROI mis-segmentation. This was demon-
strated both in our digital reference object analysis
with ‘spoiler’ subvolumes, where classification perfor-
mance remained high for percentiles below the
volume fraction of the ‘spoiler’, and in the clinical case
of detecting irColitis, where SUV95% could success-
fully detect irColitis, despite the inclusion of high

18F-FDG uptake from the bladder within the ROI con-
tour. Second, percentile-based metrics provide a
direct connection between the optimal percentile and
the size or prevalence of the image feature useful for a
classification task. As our DRO study showed, the his-
togram percentile at which classification performance
saturated corresponded directly to the volume fraction
of the ‘hot center’ and ‘cold center’ cylinders. This is a
beneficial feature of percentile-based metrics because
it can provide an understandable interpretation and
connection to the size or extent of the image feature
being characterized within the ROI. Third, percentile
metrics are amenable to varied structure geometry.
In our DRO study, we used cylindrical ROI as a
simplified model of the colon, however, we also

Figure 7.Example bowel SUVhistograms. For a patient with no clinical diagnosis of irColitis (left), the histogram at baseline (PET1)
and atfirst follow-up (PET2) are nearly identical and change in SUV95% is small. However, for a patient later diagnosedwith irColitis
(right), histogram values at high percentiles (>80th percentile) aremarkedly higher at PET2 than at PET1. The relative increase in
SUV95% for this patient is+55%.

Figure 8 . Longitudinal time series relative to treatment start (day 0) of bowel SUV95% for four patients who experienced irColitis
(colored lines). The shaded gray region indicates the 95% confidence interval for normalized change in bowel SUV95% for patients

with normal bowel (NB)whodid not experience irColitis. The confidence interval was constructed as - +s sx x1.96 , 1.96
n n⎡⎣ ⎤⎦¯ ¯

where x ̅ is the samplemean,σ is the sample standard deviation, and n is the number of observations (n=33). The dotted line
indicates the optimal threshold identified throughROCanalysis (ΔSUV95%>+40%). Arrows indicatewhen clinical diagnosis of
irColitis wasmade for each patient.
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demonstrated the value of percentile-based metrics in
the complex geometry of abdominal anatomy imaged
with 18F-FDG PET/CT. Our study of DRO with vary-
ing intensity distribution showed that the volume frac-
tion of the added hot or cold center ROI set the
percentile metrics which could successfully classify
DRO. Thus, our approach of optimizing the percentile
metric can be applied to other classification tasks inde-
pendent of the size or prevalence of the image struc-
ture of interest. Additionally, there is little ambiguity
in the mathematical definition of percentiles, which
may improve reproducibility in comparison to more
complex radiomics features. Percentile metrics are
also easily calculated with low computational cost and
are widely implemented in most relevant software
suites. One limitation of histogram percentile metrics
is that they ignore spatial relationships of intensity
values within the ROI, which may limit their ability to
detect specific patterns in image gray levels, which
have been shown to be predictive in some tasks (Sun
et al 2018,Mu et al 2019).

To better understand the connection between
image features and percentile-based metrics, we con-
ducted studies with cylindrical DRO. We considered
three cases of binary DRO classification: (1) ‘back-
ground’ versus ‘hot center’, (2) ‘background’ versus
‘cold center’, and (3) ‘background’ versus ‘hot center’

with a ‘spoiler’ subvolume. Our hypothesis was that
classification performance would be highest for per-
centiles which corresponded to the volume fraction of
the image feature of interest. In classifying ‘back-
ground’ versus ‘hot center’ cylinders, AUROC satu-
rated at and above percentiles corresponding to the
volume fraction of the ‘hot center’ cylinder 1-VFHC.
Similar behavior was seen in classifying ‘background’
versus ‘cold center’ cylinders, where AUROC satu-
rated at and below percentiles corresponding to the
volume fraction of the ‘cold center’ cylinder VFCC.
When a ‘spoiler’ cylinder was introduced to the case of
‘background’ versus ‘hot center’, we observed that the
highest percentile for which good classification perfor-
mance was achieved corresponded to the volume frac-
tion of the spoiler volume VFSp, and that the lowest
percentile for which good classification performance
was achieved corresponded to the volume fraction of
the ‘hot center’ cylinder shifted down by VFSp
(1−VFHC−VFSp).

Our method for irColitis detection relies on the
automatic segmentation of the bowel by CNN. Thus,
the performance of the CNN to segment the bowel is
important to characterize as part of our image analysis
workflow. In an independent test set of N=46 PET/
CT images, our CNN achieved a median DSC of 0.92
(range 0.61–0.99). This is similar to performance

Figure 9. Serial 18F-FDGPETmaximum intensity projections of a 68-year-old femalewithmetastaticmelanoma receiving
combination ipilimumab and nivolumab immunotherapy. (a)At baseline 11 days before treatment start, disease in the pelvis and
lower extremities is seen and bowel uptake is normal. (b)Day 84 after treatment start, near complete response of disease sites in the
pelvis and lower leg, andmoderate increase in bowel uptake can be seen (ΔSUV95% fromPET1 to PET2was+59%). (c)Day 173,
continued response,marked elevated bowel uptake is apparent. Onday 195 (between c and d), the patient was hospitalizedwith blood
in their stool (Grade 3Colitis). Colonoscopywith biopsy confirmed irColitis. The patient also hadGrade 3 rash during this time and
was started on systemic steroids 3weeks before time point c. (d)Day 273, continued response, elevated bowel uptake remains. Diffuse,
elevated lung uptake is apparent aswell. Patient received a diagnosis of immune-related pneumonitis. (e)Day 399, continued
response, partial resolution of elevated bowel uptake and complete resolution of elevated lung uptake is seen. The patient’s irColitis
resolved after completion of slow tapered course of steroids in addition to a course of Budesonide. Scans (a)–(d)were all taken on the
same PET/CT scanner (D710). Scan (e)was taken on a different scanner (MI).
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reported by (Liu et al 2020). In this study, the small and
large bowel are considered separately. They report
median DSC for the small bowel of 0.89 (range:
0.62–0.93) and for the large bowel of 0.91 (range:
0.84–0.96).

In our study of irColitis detection, we found no
significant difference in change in bowel uptake
between normal bowel and pre-irColitis cases for
SUVmean, SUVtotal, and SUVmax. This can be explained
by comparing the appearance of irColitis-related
inflammation on 18F-FDG PET with how each metric
is calculated. For SUVmean and SUVtotal, all voxels
inside the bowel contour contribute to the metric, and
so the large volume of uninvolved bowel exhibiting
normal uptake effectively washes out the focal increase
in uptake associated with irColitis (Wachsmann et al
2017). This is similar to the relatively poorer perfor-
mance of SUVmean for detecting ‘hot center’ and ‘cold
center’ DRO. In contrast, SUVmax is set by the uptake
in a single voxel, and so is sensitive to mis-segmenta-
tion. Of particular concern in detecting irColitis is
PET spillover from the bladder close to the sigmoid
colon. Localization of SUVmax in our predicted bowel
contours revealed that in many cases, SUVmax was
indeed set by PET bladder spillover. SUVmax is also
sensitive to abdominal metastases if they are included
in the bowel contour, and to spatial mis-registration
between CT and PET that can result from patient

movement during image acquisition and from normal
physiological peristalsis. This is similar to the drop in
performance of the ROI maximum when a ‘spoiler’
volume was present in our DRO study. These observa-
tions led us to pursue SUV histogram percentiles as a
possible metric to detect irColitis. Our intuition was
that a percentile-basedmetric would be able to capture
the local increase in uptake associated with irColitis,
unlike SUVmean and SUVtotal, but remain robust to
small volume mis-segmentation caused by bladder
spillover or spatial misalignment between CT and PET
caused by patient motion, unlike SUVmax. In accor-
dancewith our hypothesis, we found that the 95th per-
centile of the bowel SUV histogram demonstrated a
significantly higher increase in patients with irColitis
than in patients without.

In our DRO study of histogram percentile metrics,
we considered two cases: the detection of ‘hot center’
and ‘cold center’ cylinders. While this was an idealized
case designed to be illustrative, many real pathologies
are similar to a ‘hot center’ or ‘cold center’ detection
problem. Our clinical example of detecting bowel
inflammation on 18F-FDG PET/CT images can be
considered a ‘hot center’ detection problem, as the
portion of bowel involved in irColitis demonstrates
higher 18F-FDG uptake than surrounding healthy
bowel. Other ‘hot center’ detection tasks include the
detection of calcification on CT (Graffy et al 2019) or

Figure 10.Effect of harmonization on bowel SUVmetrics extracted fromPET images. Baseline (PET1) SUVmean, SUVtotal, SUV95%,

and change in SUV95% fromPET1 to PET2 (ΔSUV95%) are largely unaffected by harmonization, while SUVmax tends to be decreased
by harmonization, especially for high SUVmax values. This behavior is due to the optimalfiltering approach to harmonizationwe
employed (Namías et al 2020), which smooths downhigh SUVvalues.
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hyperechogenic volumes related to Parkinson’s dis-
ease on ultrasound (Pauly et al 2012). Examples of
pathology fitting the ‘cold center’ pattern include cere-
bral edema onCT (Kim et al 2014) or hypometabolism
resulting from autoimmune encephalitis seen on
18F-FDG PET (Pillai et al 2010). Our DRO study also
included ‘spoiler’ volumes, simulating an image fea-
ture unrelated to the classification task of interest.
Examples of ‘spoiler’ volumes in clinical scenarios are
image artifacts (e.g. a metal artifact on CT can be
thought of as a ‘hot’ spoiler, or a starvation artifact
may be a ‘cold’ spoiler). Spoilers may also result from
ROI mis-segmentation. In our clinical test case of
detecting irColitis, the inclusion of a portion of the
bladder within the bowel ROI acted as a spoiler, but
the detection of irColitis was still possible via SUV95%.

Our study had several limitations that should be
discussed. Our digital reference object study made use
of cylindrical reference objects with idealized intensity
and noise characteristics that are not present in clinical
patient data. Our study of irColitis made use of retro-
spectively collected data in a cohort of patients with a
mix of diseases and treatments. The median time
between PET1 and PET2 was 114 days (range: 58–489
days). This variation in inter-scan timing could poten-
tially limit our analysis, which included calculating
percent changes in SUV between scans. PET data were
also acquired on multiple PET/CT scanners. We
employed a retrospective harmonization approach to
minimize differences introduced by varying PET scan-
ner. This method relied on Wiener deconvolution to
remove the effect of the original post-filters, followed
by new harmonizing post-filters, whichminimize spa-
tial resolution and noise texture differences between
scanners. Finally, this was an exploratory analysis car-
ried out in a cohort of 40 patients, of which four were
used as positive irColitis cases. We are currently con-
ducting a larger, multi-institute study to validate our
findings. Despite these limitations, we saw a difference
in bowel SUV95% between patients later diagnosed
with irColitis and patients whowere not diagnosed.

Conclusion

The 95th percentile of the bowel SUV histogram
(SUV95%)was identified as a potentialmetric for colitis
risk in the clinical test case of detecting bowel
inflammation related to immune-related colitis on
18F-FDG PET/CT. Additional studies utilizing digital
reference objects demonstrated that histogram per-
centiles can be robust to image noise and to the
presence of unrelated imagefindings.
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