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Abstract
Background We designed a deep learning model for assessing 18F-FDG PET/CT for early prediction of local and distant failures
for patients with locally advanced cervical cancer.
Methods All 142 patients with cervical cancer underwent 18F-FDG PET/CT for pretreatment staging and received allocated
treatment. To augment the amount of image data, each tumor was represented as 11 slice sets each of which contains 3 2D
orthogonal slices to acquire a total of 1562 slice sets. In each round of k-fold cross-validation, a well-trained proposed model and
a slice-based optimal threshold were derived from a training set and used to classify each slice set in the test set into the categories
of with or without local or distant failure. The classification results of each tumor were aggregated to summarize a tumor-based
prediction result.
Results In total, 21 and 26 patients experienced local and distant failures, respectively. Regarding local recurrence, the tumor-
based prediction result summarized from all test sets demonstrated that the sensitivity, specificity, positive predictive value,
negative predictive value, and accuracy were 71%, 93%, 63%, 95%, and 89%, respectively. The corresponding values for distant
metastasis were 77%, 90%, 63%, 95%, and 87%, respectively.
Conclusion This is the first study to use deep learning model for assessing 18F-FDG PET/CT images which is capable of
predicting treatment outcomes in cervical cancer patients.
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Key Points
• This is the first study to use deep learning model for assessing 18F-FDG PET/CT images which is capable of predicting treatment
outcomes in cervical cancer patients.

• All 142 patients with cervical cancer underwent 18F-FDG PET/CT for pretreatment staging and received allocated treatment.
To augment the amount of image data, each tumor was represented as 11 slice sets each of which contains 3 2D orthogonal
slices to acquire a total of 1562 slice sets.

• For local recurrence, all test sets demonstrated that the sensitivity, specificity, positive predictive value, negative predictive
value, and accuracy were 71%, 93%, 63%, 95%, and 89%, respectively. The corresponding values for distant metastasis were
77%, 90%, 63%, 95%, and 87%, respectively.
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Abbreviations
18F-FDG PET/
CT

18F-fluorodeoxyglucose positron emission
tomography-computed tomography

CRT Chemoradiotherapy
CTV Clinical target volume
HGRE High gray-level run emphasis
MTV Metabolic tumor volume
PLNs Pelvic lymph nodes
SUV Standardized uptake value
VOI Volume of interest

Introduction

Although chemoradiotherapy (CRT) is a mainstay of ad-
vanced cervical cancer treatment, patient outcomes have not
been satisfactory in terms of local control or distant metastasis
[1, 2]. Currently, 18F-fluorodeoxyglucose (18F-FDG) positron
emission tomography (PET)–computed tomography (CT) has
been commonly used for staging and monitoring the treatment
outcomes of various cancers, including cervical cancer [3].
The measurement of intratumoral metabolic heterogeneity
using radiomics on 18F-FDG PET/CT has recently been sug-
gested to supplement standard indices for predicting the re-
sponse of tumors to various cancer therapies [4–12] and might
provide certain hints of the underlying tumor phenotype.
However, the performance of radiomics highly depends on
the methods used in delineating the metabolic tumor volume
(MTV) of a tumor and in discretizing the uptake values within
the delineated volume [13, 14]. In several PET-related studies
for cervical cancer [8–12], the methodologies lack a standard
technical approach. As a result, the predictive performance or
representative features for outcome prediction were not
consistent.

The rapid development of artificial intelligence and its im-
plementation into routine clinical imaging will cause a major
transformation to the practice of radiology [15]. Currently,
artificial intelligence is already widely employed in various
medical roles. One such technique that has exhibited great
success is deep learning [16], which can be described as the

application of multilayered convolutional neural network
(CNN) to solving a wide range of problems [17–22].
Compared with traditional human-engineered radiomics,
which strongly relies on feature quantification, CNN functions
by learning relevant features directly from image databases.
Additionally, the optimal features of conventional radiomics
are neither well-defined nor externally validated in other study
methods. Although the potential advantages of deep learning
in the field of medical imaging are well known, its major
challenges include the difficulty clinicians encounter in trying
to understand the reasoning of a CNN, which may limit their
confidence in its advice [23].

Determining whether patients are predisposed to tumor re-
currence is crucial for being able to effectively counsel them
on their treatment. In patients with cervical cancer, pertinent
studies on finding the relationship between 18F-FDG PET/CT
radiomics and CRT-based outcome by using machine learning
algorithms are still limited. Additionally, most applications of
deep learning to medical images had the objective of identify-
ing the nature of radiological lesions [18, 20–22] not provid-
ing predictive information. On the basis of comparing the
predictive performance using human-engineered radiomics
for cervical cancer, we introduced a novel deep learning mod-
el associated with a strategy of data processing for outcome
prediction by analyzing baseline 18F-FDG PET/CT. This ap-
proach aims to circumvent the major limitation of deep learn-
ing: its need for a large quantity of medical images.

Materials and methods

Study population

This retrospective cohort study included 142 patients newly
diagnosed with cervical cancer between July 2009 and
December 2015. All patients had undergone 18F-FDG PET/
CT for pretreatment staging and had received allocated exter-
nal beam radiotherapy and intracavitary brachytherapy. The
eligibility criterion regarding the minimum size for primary
tumors was a greater diameter of ≥ 2 cm on a CTscan because
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small tumor volume would be a confounding factor in the
radiomic analyses [24]. This study was approved by a local
institutional review board (DMR99-IRB-010(CR6)). Tumors
were staged in accordance with the International Federation of
Gynecology and Obstetrics (FIGO) staging system and ob-
served that 37, 78, and 27 patients had stages I, II, and III
cervical cancer, respectively. The histological type was squa-
mous cell carcinoma in 114 patients and non-squamous cell
carcinoma in 28 patients. The diagnoses of lymph node me-
tastases were made using PET/CT. In 37 patients with stage I
disease, 6 were diagnosed to have stage IB1 tumors, and the
reasons of receiving CRTwere old age at the diagnosis (n = 4)
or presence of pelvic lymph node metastasis (n = 2). We ex-
cluded patients who presented with para-aortic lymph node
metastasis on the 18F-FDG PET/CT scan because they were
categorized as distant nodal metastasis. The patients’ charac-
teristics are listed in Table 1.

Study endpoints

This study focused on a novel deep learning model (DLM) for
outcome prediction. We categorized treatment failures into
two types of events that could jeopardize survival, namely
local relapse and distant metastasis. Local relapse was defined
as evidence of central residual or recurrent tumors discovered
after CRT; distant metastasis was defined as evidence of re-
current tumors at non-regional lymph node or distant organs
[2]. A diagnosis of residual or recurrent local disease was
based on radiographic examinations or pathological confirma-
tion, whereas distant metastases were mostly confirmed by
PET/CT.

PET/CT imaging

A baseline PET/CT scanner (PET/CT-16 slice; Discovery
STE; GE Medical System) was applied for all patients. The
scans were performed approximately 60 min after the admin-
istration of 370 MBq of 18F-FDG before more than 4 h of
fasting [25]. The uptake of 18F-FDG was determined by cal-
culating the standardized uptake value (SUV). The matrix size
was 128 voxels × 128 voxels × length of interest, and the
voxel size was 5.47 mm× 5.47 mm× 3.27 mm.

Overview of workflow

The workflow of this study was arranged as training and test
processes based on k-fold cross-validation, as illustrated in
Fig. 1. A data augmentation approach that slices each tumor into
11 slice sets was employed to reduce the limitation of sample
size. The patients were randomly partitioned into k sets to per-
form cross-validation. In each round of cross-validation, k-1 sets
were aggregated to train a DLM (Fig. 1a). After training, each
slice set in the training set was input to the DLM to determine the
probability of event occurrence. A slice-based optimal threshold
was derived from all probabilities to determinewhether a slice set
had the event occurrence. Subsequently, the remaining set was
regarded as a test set to verify the trained DLM (Fig. 1b). Each
slice set in the test set was input to the DLM to acquire a prob-
ability of event occurrence and classified as a slice-based predic-
tion according to the slice-based optimal threshold. For each
tumor, the slice-based predictions were summarized as a tumor-
based probability of event occurrence. Finally, all tumor-based
probabilities were used to derive a tumor-based optimal thresh-
old, which was used to determine whether a patient had event
occurrence.

Data augmentation approach

The volume of interest (VOI) centered by SUVmax and with
the dimensions of 7 cm × 7 cm × 7 cm was extracted from a
PET image. A voxel was defined as a local maximum if its
SUV was not less than those of neighboring voxels. For an
input PET image, the area of maximum uptake was automat-
ically detected. The highest SUV within the tumor was man-
ually identified and defined as SUVmax, which served as a
label in later processes. Interpolation was employed to im-
prove the resolution of PET images. The original PET images
were interpolated to a resolution of 2.5 mm × 2.5 mm ×
2.5 mm by using a splice method. Data processing and aug-
mentation are presented in Fig. 2.

As the data augmentation technique for deep learning has
been employed for CT scan [26], a novel augmentation ap-
proach for PET/CT was proposed to expand the limited sam-
ple size (Fig. 2b, c). The principle of augmentation was to
balance the solution for a lack of sufficient training data and

Table 1 Patient characteristics (N = 142)

Variables Value

Age (year) Median 55 (range, 28~81)

FIGO stage

IB1–IB2 37 (26%)

IIA–IIB 78 (55%)

IIIA–IIIB 27 (19%)

Histology

Squamous cell carcinoma 114 (80%)

Adenocarcinoma 28 (20%)

Pelvic LN metastasis

Negative 81 (57%)

Positive 61 (43%)

SUVmax Mean 11.3 ± 6.0 (range, 2.9~37.0)

MTV (mL) Mean 28.1 ± 42.7 (range, 2.5~450.0)

FIGO, International Federation of Gynecology andObstetrics; LN, lymph
node
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the preservation of FDG uptake heterogeneity surrounding the
SUVmax. Each tumor was re-sampled into one base slice set
and 10 rotated slice sets for augmenting the amount of imag-
ing data. The orthogonal XY, XZ, and YZ planes passing
through SUVmax were used to sample SUVs from the VOI
and were stacked to form a base slice set. The aim of stacking
three orthogonal slices was to partially preserve the 3D het-
erogeneity information. Then, the XY plane of the base slice
set was rotated by 15, 30, 45, 60, 75, 105, 120, 135, 150, and
165° counterclockwise around the y-axis to acquire ten slice
sets. A total of 1562 slice sets from 142 tumors (11 sets for
each) were acquired. Besides, each slice set was labeled with
the status of two events, local relapse or distant metastasis, by
the corresponding patient’s outcome.

Deep learning model

The proposed deep learning model was based on the architec-
ture Network in Network [27]. The model consisted of three
mlpconv layers and one global-average pooling layer (Fig. 3).
Batch normalization (BN) was employed to reduce internal
covariate shifts in this model to prevent overfitting [28].
Because the model was trained by slice sets, the output of
the model was a slice-based probability of event occurrence.

The proposed model was implemented using Matlab
2015b, Python 3.6.4, and Keras 2.1.3 on a workstation
installed with an NVIDIA Quadro M4000.

Statistical method

Receiver operating characteristic (ROC) curve analysis was
performed to calculate predictive performance. Additionally,
the ROC curve was used to ascertain the optimal threshold for
maximizing prediction accuracy. The predictive indices were
sensitivity (SE), specificity (SP), positive predictive value
(PPV), negative predictive value (NPV), and accuracy. The
statistical analysis was performed using MedCalc 18.2.1.

Experimental method

K-fold cross-validation was employed to verify the robustness of
the proposed model. The patients were also randomly grouped
into seven sets, each containing a similar number of patients with
or without event occurrence. Each set was regarded as a test set
only once, and the remaining sets were merged together to form
the training set for training the model (Fig. 1a). During the train-
ing process, all slice sets contained in the training set were
partitioned into training and validation sets with a ratio of 8:2.
The model with the highest performance was preserved by
checking val_loss. The number of epochs was set to 500. After
training, an optimal threshold was derived from the probabilities
of event prediction in all slice sets of the training set by using
ROC curve analysis (Fig. 1a). Then, each slice set in the test set
was input to the trained model to acquire the probability of event
occurrence (Fig. 1b). The slice sets were classified into two

Fig. 1 Workflow of the proposed training process (a) and test process (b)
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groups with or without occurrence by their correlation with the
optimal threshold value. Accordingly, the slice-based perfor-
mance of the proposed model was acquired. For each tumor in
the test set, the frequency belonging to the groupwith events was
aggregated and then divided by 11 to acquire a tumor-based
probability. An optimal threshold for identifying events was de-
rived from all tumor-based probabilities in the test set by using
ROC analysis, which led to an assessment of the tumor-based
performance of the model. Finally, the slice-based performance
and tumor-based performance in all test sets were respectively
merged to establish the overall performance of the DLM.

Calculation of human-engineered radiomic features

The definition of MTV, discretization of SUVs within the
MTV, and requirements for calculating textural indices have
already been detailed in Appendix 1. ROC curves were

plotted to determine the highest predictive performance
among the various textural indices.

Treatment

All the patients received the exact same treatment composed
of external beam radiotherapy and brachytherapy regardless
of the tumor stage or histological type. All patients were treat-
ed with intensity-modulated radiotherapy technique. The total
dose applied to the pelvis was 45 Gy, administered in 25
fractions over a 5-week period. Following pelvic irradiation,
the bilateral parametrium was boosted from 50.4 to 54 Gy
[29]. In patients presented withmetastatic pelvic lymph nodes,
the involved nodes were further irradiated with IMRT to a
cumulative dose of 60 to 64 Gy.

When cervical tumor regressed, high-dose-rate intracavitary
brachytherapy was performed once or twice a week by using an

Fig. 3 Overall structure of the proposed deep learning model. BBN^ indicates the batch normalization layer

Fig. 2 Data processing and augmentation: For each tumor, the coordinate
of labeled SUVmax in the original PET image was converted into a new
coordinate in the interpolated image. Then, a volume of interest (VOI),
centered by SUVmax and with dimensions of 70 mm× 70 mm× 70 mm,

was fetched from the interpolated image (a). The orthogonal XY, XZ, and
YZ planes passing through SUVmax were used to sample SUVs from the
VOI and were stacked to form a base slice set (b, c)
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Ir-192 remote afterloading technique concurrently with pelvic
irradiation or parametrial boosting. Before January 2013, the
standard prescribed dose of each session of brachytherapy was
6.0 Gy to point A, with 4 to 5 sessions. After January 2013, 77
patients were treated with three-dimensional (3D) image-based
brachytherapy according to the recommendations of the Groupe
Européen de Curiethérapie and the guidelines specified by the
European Society for Radiotherapy and Oncology [30]. The
mean high-risk CTV (HR-CTV) was 32.8 ± 17.5 mL, whereas
the mean cumulative EQD2 of D90 of HR-CTV (Gy10) was
87.1 ± 9.2 Gy.

Chemotherapy consisted of weekly 40 mg/m2 doses of cis-
platin, administered intravenously and accumulating to a total
dose of 60 mg.

Follow-up

After completion of radiotherapy, the patients were regularly
followed up every 2 months for the first year, and every 3 to
4 months thereafter. Besides a routine pelvic examination, the
levels in serum of tumor markers, namely squamous cell car-
cinoma and carcinoembryonic antigens, were examined dur-
ing each follow-up. Additionally, a radiographic examination
was performed every 6 months.

Results

Treatment outcomes

After a median follow-up duration of 40 months, 101 patients
displayed no evidence of disease progression, whereas 41 pa-
tients did have disease progression (infield recurrence, distant
metastasis, and both in 21, 26, and 9 patients, respectively).
Overall, 21 and 26 patients experienced local and distant fail-
ures, respectively. The tumors were categorized as the events.

Partitioning of patients

The 142 patients included in this study were randomly
partitioned into seven sets on the basis of the number of events
that occurred, each set containing three patients with local relapse
and 17 or 18 patients without event occurrence. Likewise, the
cohort was randomly partitioned into seven sets with the same
ratio of patients presenting with and without distant metastasis.

Heatmap

A heatmap was employed to visually observe the discrimina-
tive regions used by proposed DLM to identify a specific
event in a slice set. The uterus is adjacent to anatomic struc-
tures, such as the bladder, colon, and lymph nodes; these or-
gans, if they also exhibit a high uptake of 18F-FDG, could

disrupt the focus of the deep learning model and lead to inac-
curate analyses. Thus, the heatmap represented the activations
of slice sets in the last layer of our proposed model (Fig. 4).
The heatmaps demonstrate a remarkable ability to differentiate
the uterus from adjacent anatomic structures. Moreover, the
characteristics that signified event occurrences were derived
from the areas of the cervical tumors.

Slice-based prediction

Regarding local recurrence, the classification results of all
slice sets in each test set are summarized in Appendices 2
and 3. All SPs were greater than 88%, and SE in five of the
sets ranged from 36 to 58%.When the classification results of
all slice sets were summarized, the SE, SP, PPV, NPV, and
accuracy were 35%, 93%, 45%, 89%, and 84%, respectively.

Regarding distant metastasis, the classification results of all
slice sets in each test set are presented in Appendices 4 and 5.
All SPs were greater than 76%, and six of the SEs were greater
than 33%. After summarizing the results of all slice sets, the
SE, SP, PPV, NPV, and accuracy were 51%, 89%, 50%, 89%,
and 82%, respectively.

Tumor-based prediction

The classification results regarding local recurrence for all
tumors in the seven test sets are summarized in Table 2. The
SE, SP, PPV, NPV, and accuracy were 71%, 93%, 63%, 95%,
and 89%, respectively. The high SP and NPVexhibited by the
model demonstrated its strong ability to reject the possibility
of local recurrence after treatment.

Regarding distant metastasis, the classification results for
all tumors are summarized in Table 3. The SE, SP, PPV, NPV,
and accuracy were 77%, 90%, 63%, 95%, and 87%, respec-
tively. The high NPV indicated that the model accurately ex-
cluded the development of distant metastasis.

Comparison with the performance
of human-engineered radiomic features

Four groups of radiomic features were calculated, as presented
in Appendix 1. ROC analysis revealed that the high gray-level
run emphasis (HGRE) derived from the gray-level run-length
matrix most accurately and consistently predicted local relapse.
HGRE values demonstrated an inverse correlation with local
recurrence, and the area under the ROC curve was 0.31 ± 0.06
(p = .006).

None of the radiomic features demonstrated the ability to
predict distant metastasis. One potential reason for this is that,
because of technical difficulties, the textures of metastatic
lymph nodes were not included in the analysis. In addition,
clinical stage was not a predictor for local relapse or distant
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metastasis. The information about the outcomes in relation to
the baseline stage is presented in Appendix 6.

Discussion

Simple machine learning methods are easily applied to prob-
lems with well-structured data or well-defined optimal fea-
tures [18]. To date, neither the optimal radiomic features for
specific biological endpoints nor the most powerful
discretization approach for radiomic analysis has been validat-
ed. Therefore, the introduction of deep learning techniques in
cancer treatment can assist oncologists in creating a new ap-
proach to the classification of imaging phenotypes. However,
the most prominent limitation of such an approach is that deep
learning is an intensely data-hungry technology; learning from
scratch the weights in a large network requires numerous la-
beled samples to achieve accurate classification [18]. Its aug-
mentation of data by rotating the plane of labeled images, as
well as the merging of slice-based and tumor-based models,

distinguishes this study as the first to conclude that deep learn-
ing applied to 18F-FDG PET/CT images can play a crucial role
in predicting treatment outcomes, even when the model is
trained using a small sample size. The deep learning model
can provide previsional information regarding the risk patients
have for treatment failures.

The higher NPVs compared with the PPVs poses a chal-
lenge for establishing clinical utility. One plausible cause for
this discrepancy is that only a small percentage of the studied
patients experienced local or distant failures. In general, a
positive correlation exists between PPV and disease preva-
lence, in the sense that PPV is higher in people with higher
disease prevalence, whereas NPV is negatively associated
with disease prevalence. To maximize the predictive ability
of the model, our future goal is to reassess the PPV by increas-
ing the sample size or event number.

A well-known pitfall of machine learning is overfitting,
where a model learns individual statistical variations of the
training set rather than generalized patterns for a particular

Fig. 4 Representative heatmap. PET/CT images (a). Base slice set (b). Heatmap (c)

Table 3 Classification results of tumors in all seven test sets, with
comparison of patients with and without distant metastasis

Prediction Distant Metastasis Indices

P N

P 20 12 63%

N 6 104 95%

Indices 77% 90% 87%

Table 2 Classification
results of tumors in all
seven test sets, with
comparison of patients
with and without local
recurrence

Prediction Local recurrence Indices

P N

P 15 9 63%

N 6 112 95%

Indices 71% 93% 89%
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feature. To circumvent this potential bias, k-fold cross-valida-
tion was employed to verify the robustness of our model.
Because of the limited number of patients presenting with
events, the value of k was set to seven. The prediction results
derived from merging the seven test sets demonstrated the
robustness of our model’s ability to identify both local recur-
rence and distant metastasis.

Delineation of the spatial extent of a tumor was defined as
the identification of pixels or voxels composing a particular
target structure. In machine learning models, delineation is
regarded a pixel-level classification task, the success of which
depends on the criteria for determining whether a given pixel
belongs to the background or a target lesion. In human-
engineered radiomics, MTVs being connected to the bladder
pose a major problem for most segmentation methods [24].
Deep learning models overcome these confounding factors.
By assessing the heatmap generated from the input layer, we
discovered that the model selectively focused on FDG hotspots
in PET images and ignored the adjacent organs. Thus, it was
beneficial to explore the biological characteristics on the
heatmap that were accepted by the deep learning model.

Because this study used a limited data set from a single
institution, our findings should be interpreted cautiously.
External validation studies that produce similar training find-
ings by using independent imaging data, and a range of dif-
ferent scanners, resolution settings, and reconstruction algo-
rithms are necessary to confirm our results. Additionally, dis-
parities between studies might be a result of variance in
training- or test-model structures. Therefore, more studies
are required to verify the prediction capability of the deep
learning model. Furthermore, a general approach to avoid
overfitting on deep learning model is to artificially enlarge
the dataset [16]. A useful technique to duplicate the imaging
data is to rotated, flip, shift, crop, zoom in or out, or distort the
figures. In this study, a novel augmentation approach was
proposed to represent the VOI by stacking three orthogonal
slices acquired from different angles. Because each slice is
sampled from the VOI, the concern about the validity of label
assignments could be minimized. Moreover, the 3D heteroge-
neity was partially preserved on the slice set. As a result, the
information loss from transforming VOI to 2D slices could be
reduced. Nonetheless, validation studies are certainly required
to ensure that the diverse augmentations did not change the
validity of label assignments. Finally, to establish the clinical
utility, it is imperative to compare this model with the standard
clinical and imaging assessment such as tumor size, tumor
volume, FIGO stage, and histological subtype. Nevertheless,
our findings constitute a pivotal step toward being able to
tailor CRT to specific imaging phenotypes for patients with
cervical cancer. Regardless, CNN-based features must be cor-
related with any specific underlying biological mechanism.
Particularly, it would be interesting to know why some pa-
tients experienced both local and distant recurrences. Future

validation studies should integrate imaging phenotypes based
on deep learning with other documented clinical parameters to
give oncologists the ability to rapidly assess the feasibility of
salvage treatments for high-risk patients.

Conclusion

In patients with definitive-CRT-treated uterine cervical cancer,
the proposed DLM for assessing 18F-FDG PET/CT images
obtained pretreatment can predict treatment outcome. By
using the slice-based model for deep learning to augment col-
lected data, high accuracy and NPV can be achieved evenwith
a limited sample size. Future external validation studies with
independent data sets are required for establishing the model’s
clinical utility.
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