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Background: Reliable on site classification of resected tumor specimens remains a
challenge. Implementation of high-resolution confocal laser endoscopic techniques
(CLEs) during fluorescence-guided brain tumor surgery is a new tool for intraoperative
tumor tissue visualization. To overcome observer dependent errors, we aimed to predict
tumor type by applying a deep learning model to image data obtained by CLE.

Methods: Human brain tumor specimens from 25 patients with brain metastasis,
glioblastoma, and meningioma were evaluated within this study. In addition to routine
histopathological analysis, tissue samples were stained with fluorescein ex vivo and
analyzed with CLE. We trained two convolutional neural networks and built a predictive
level for the outputs.

Results: Multiple CLE images were obtained from each specimen with a total number of
13,972 fluorescein based images. Test accuracy of 90.9% was achieved after applying a
two-class prediction for glioblastomas and brain metastases with an area under the curve
(AUC) value of 0.92. For three class predictions, our model achieved a ratio of correct
predicted label of 85.8% in the test set, which was confirmed with five-fold cross
validation, without definition of confidence. Applying a confidence rate of 0.999
increased the prediction accuracy to 98.6% when images with substantial artifacts
were excluded before the analysis. 36.3% of total images met the output criteria.

Conclusions: We trained a residual network model that allows automated, on site
analysis of resected tumor specimens based on CLE image datasets. Further in vivo
studies are required to assess the clinical benefit CLE can have.

Keywords: confocal laser endomicroscopy, deep neural network, machine learning, brain tumor, fluorescein
sodium, image analysis
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INTRODUCTION

Intraoperative diagnosis continues to be an essential tool during
neurosurgical procedures; nevertheless it remains challenging.
Sites frequently lack the possibility of immediate pathologist’s
interaction and therefore require time for delivery and processing,
and the frozen sections are subject to sampling errors (1-3).

Confocal laser endomicroscopy (CLE) can be used for
intraoperative visualization in fluorescence guided surgery and
offers cellular resolution. CLE has already been successfully
applied to facilitate surgery for head and neck neoplasms and
urological surgical procedures (4-6). Furthermore, it is used in
gastroenterology for diagnosis of Barrett’s esophagus and
colorectal lesions among others (7, 8). Moreover, the
application of CLE showed promising results in thyroid
surgery and bronchoscopy including biopsy collection for
interstitial lung disease (9, 10).

Since its start, efforts were made matching the features of CLE
images to the histopathological sections; however, the transfer of
classical neuropathological characteristics of common brain
pathologies to CLE images is limited (11, 12). Until recently,
application of CLE to central nervous tumors was mostly limited
to preclinical studies. The first clinical trials show promising
results for CLE to become part of routine intraoperative tumor
diagnosis and might help detect tumor remnants in neurosurgery
(12, 13). By extending the resection borders at a cellular level, this
technique has the promising potential to protect normal brain
tissue. However, there is only one optical fluorescence filter
available and fluorescein, the most thoroughly investigated
fluorescence dye, is not routinely used for brain tumor surgery.
Further, for optimal utilization a high amount of intraoperatively
collected image data needs to be directly analyzed.

Deep learning models reduce expenditure of time and
interobserver-biased evaluation of intricate structures (14). The
neural network models are successful where labeled data is
available. Multiple recent applications of computer vision and
medical imaging have shown cutting-edge performance (15, 16).

We hypothesized that a model integrating features from
conventional CLE using a machine learning approach could
diagnose tumor origin and identify specific features relevant to
the entity.

MATERIAL AND METHODS
Patient Cohort

The training and validation cohort consisted of patients with
histologically confirmed glioblastoma, brain metastasis, or
meningioma WHO grade I, treated at the neurosurgical
department of the University Hospital of Mannheim. The
current 2016 WHO classification of brain tumors was used. All
patients whose histopathological analyses did not confirm
glioblastoma WHO grade IV, brain metastasis, or meningioma
WHO grade I were excluded (n = 10). Our final patient cohort
included 25 patients (median age 56.3 years; 19-82.2 years, male/
female: 9/16).

Tumor Tissue Processing

Brain tumor tissue was collected from 25 adult patients who
underwent resection of a brain tumor at the University Hospital
Mannheim. Fresh tumor samples were immediately processed
and split into sister specimens. Tissue pieces (2-5 mm in
diameter) were incubated in fluorescein solution for 30 min
(Fluorescein 10%, ALCON Pharma GmbH, Freiburg, Germany,
final concentration 0.1 mg/ml, diluted with Ringer’s solution)
and subsequently washed with Ringer’s solution three times for
2 min. As a positive control adjacent tumor specimens were
stained with Nuclear Green for 1 min (Abcam, Cambridge,
United Kingdom, 50 puM final concentration, diluted with
Ringer’s solution), incubated for 5 min, and washed once for
5 min with Ringer’s solution. All working steps were performed
at room temperature. After immediate CLE imaging, tissue
samples were analyzed by the Department of Neuropathology
of the University Hospital Heidelberg corresponding to routine
diagnostics including H&E, immunostaining and in certain cases
methylation analysis. Pathology confirmed newly diagnosed
glioblastoma in eight patients, brain metastasis in eight
patients (six patients presented with non-small cell lung cancer
and two with breast cancer) and meningioma WHO grade I in
nine patients.

Confocal Laser Endomicroscopy

For CLE imaging the OptiScan System, model CIS-CZM-B-CP
(SN R&D 4011-05; Zeiss, Oberkochen, Germany) including a
sterile sheath was used. Briefly summarized, light is transmitted
by a laser source (488 nm wavelength) through an optical fiber to
the hand held scanner probe. The focal signal is detected by
exciting the fluorescent dye by laser light. Latter is converted into
a digital pattern depending on the amount of emitted
fluorescence. This pattern can be transformed into a grayscale
image parallel to the lens’ plane with adjustable focus depth.
Images were acquired immediately after staining. The probe was
fixed, and specimens were applied on the lens to minimize
motion induced artifacts.

Images were created with 1920 x 1080 pixels and were
obtained with 0.75 frames per second and a focus depth of 0 to
120 um. In a second step, we removed data sets with low imaging
quality affecting the whole image due to technical issues, such as
blood and motion artifacts or out of focus scanning, from
further evaluation.

Image Preprocessing and Convolutional
Neural Networks

A convolutional neural network (CNN) is a widely adopted
network of machine-learning algorithms to process multiple
arrays such as images which detect local conjunctions using
convolutional and pooling layers before fully connected layers
are following. The given hierarchy in images leads to lower-level
features composing higher-level features in a deep neural
network. Residual convolutional (ResNet) and Inception
networks (InceptionNet) have been applied in clinical
classification problems. A ResNet18 and Inception network was
constructed with the Pytorch framework (https://pytorch.org/)
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written in python as a tensor and dynamic network. ResNet18 has
17 convolutional layers and contains batch normalization and
identity mappings, additionally. InceptionNet-v3 was used
consisting of seven inception blocks, pooling layers and
normalization layers. We used four fully connected layers for
both networks. The last fully connected layer gives a classification
according to the global features connected from all local features.
We used negative log likelihood as loss function and log softmax
after the fully connected layers. Stochastic gradient decent was
selected for optimization with a learning rate of 0.01 and a
momentum of 0.5. We applied data augmentation techniques
to enlarge the database with analogical but not identical data.
Techniques, such as vertical and horizontal flipping methods,
were applied to inflate the size of the training dataset and to
reduce overfitting. Images were scaled down to 960 x 540 pixels,
and sections of 400 x 400 pixels were chosen randomly. The
probability of horizontal and vertical flipping was set to 0.5.
Images were fed in batches with a batch size of 32 for ResNet and
16 for InceptionNet, respectively. Eventually, the enhanced training
data was fed into the deep learning models for iteration to minimize
the loss function. This algorithm was used to classify images
obtained by CLE verified as glioblastoma, brain metastases
or meningioma.

Image Interpretation by Neurosurgeons

For manual and manual/deep learning combined assessment of
CLE images we created a training set, a manual test set, and a
ResNet test set, each containing a total of 90 images of balanced
proportions of glioblastomas, meningiomas, and metastases.
Images containing obvious artifacts (e.g. motion artifacts) were
excluded previously. The ResNet test set contained only images
rated by the ResNet with an output level of 0.99 or higher. In the
training set, information about the corresponding histopathologic
diagnosis was available for each image, and three experienced
neurosurgeons underwent training for CLE image interpretation.
Subsequently, images of the two test sets were reviewed by the
neurosurgeons in a blinded fashion.

Statistical Analysis

Statistical analysis was performed using GraphPad Prism 8.3.0
(GraphPad Software, San Diego, CA). The overall predictive
value was analyzed by area under the receiver operating
characteristic curve (AUROC), precision-recall curve, and
macro-averaged F1 analysis. For test set accuracy, comparative
analysis of deep learning models and neuro-oncological
surgeons, the Mann-Whitney test was used. We calculated the
accuracies of the three neuro-oncological surgeons using the
ratio between the number of correct diagnosed and total
CLE images.

RESULTS

To test the hypothesis that CLE could provide an alternative
method for intraoperative frozen section histology and facilitate
targeted biopsy, we collected surgical specimens from 25 patients

and acquired a total of 19,422 images (glioblastoma 5,668, brain
metastases 6,814, meningioma 6,960) for the evaluation (Table 1).
The specimens were either stained with fluorescein dye or nuclear
green dye with similar distributed data sets of the three classes.
We acquired CLE images of fresh tissue samples, which were
free of freezing and additional sectioning artifacts and
therefore provided well-preserved tissue architecture. More
importantly, fresh tissue imaging mimics intraoperative imaging
without complex and time-consuming sample processing
(Supplementary Figure 1). Representative ex vivo CLE images
of the three groups are shown in Supplementary Figure 2. All
glioblastoma ex vivo specimens CLE displayed stellate,
bright spots.

Differentiation of Malignant Tumors
Conventional magnetic resonance imaging ultimately fails to
distinguish between glioblastoma and brain metastases among
malignant brain tumors to date. We built a residual network
(ResNet18) model for binary classification to demonstrate its
diagnostic capability on these highly heterogeneous tumor
specimens stained with fluorescein. Specimens from eight
patients for each tumor type were used (4,361 images of
glioblastoma, 3,503 images of brain metastases). We evaluated
CNN-based methods using a leave-one-patient out cross-
validation, i.e. one patient always represented the test data and
all others the training data. This way, inherent correlation within
the image sequences did not play a role in the analysis. Receiver
operating characteristic curves, corresponding AUC values, and
confusion matrix results are shown in Figures 1A, B. An average
accuracy of 90.9% was achieved following five-fold cross
validation. Since fluorescein based CLE imaging is susceptible
to artifacts and includes a significant amount of non-diagnostic
images, automatic approaches are required to filter relevant data
for diagnosis. After we applied a threshold for the output level of
the test data of 0.999, the accuracy improved to 100% in this
subset (Table 2). 35.6% of the images in the test set had an output
level of 0.999 or higher, thus providing a potential filter for non-
diagnostic images. Next, binary classification for glioblastoma
and meningioma as well as brain metastases and meningioma
were performed (Figures 1C, D). In a test set containing image
data of 1,024 images showing glioblastoma and meningioma
CLE images, an overall accuracy of 95.5% was achieved.
ResNet18 showed 94.3% accuracy for differentiation of brain
metastases and meningioma in a test set containing 1,231
CLE images.

TABLE 1 | Patients’ characteristics and data composition.

Training Test
Total patients 22 3
Glioblastoma 7 1
Brain metastases 7 1
Meningioma 8 1
Images (fluorescein dye) 12,273 1,699
Images (nuclear green dye) 7,151 1,291

Values represent patient numbers for glioblastoma, brain metastasis and meningioma
and total image numbers for fluorescein and nuclear green, respectively.
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FIGURE 1 | (A) Receiver operating curve analysis and corresponding area under the curve values received of a trained two-class residual convolutional network with
five-fold cross validation. Images were obtained from seven patients with glioblastoma and brain metastases, respectively. (B) Confusion matrix shows outputs and
actual labeling for binary classification of an additional test set, including one patient with glioblastoma and another one with brain metastases. (C, D) Confusion
matrices indicating binary classification results of a test set for glioblastoma and meningioma as well as brain metastases and meningioma, respectively. In each cell,
the number above is the count and the number below the normalized count. Images were obtained with CLE following topical ex vivo staining with fluorescein dye.

TABLE 2 | Accuracy, macro-averaged F1 and area under the curve analysis of
trained networks for multiclass classification (glioblastoma, brain metastasis, and
meningioma) and binary classification (glioblastoma and brain metastasis).

Network Accuracy (%) F1/AUC Rate of diagnostic
images (%)

ResNet18

Test total 85.8 92.3% (F1) 32.3

Test confidence > 0.999 93.6

ResNet18 filtered

Test total 87.3 93.2% (F1) 36.3

Test confidence > 0.999 98.6

InceptionNet

Test total 82.9 90.6% (F1) 17

Test confidence > 0.999 91.1

ResNet18 binary

classification

Test total 90.9 0.92 35.6
(AUC)

Test confidence > 0.999 100

ResNet filtered contained manually selected data free of substantial artifacts. The ratio of
images rated with an output level of 0.999 or higher and the amount of total images are
indicated as diagnostic images. Images were obtained with CLE following topical ex vivo
staining with fluorescein dye. Macro-averaged F1 was calculated using the following
equation: 2*(precision,,, recall,,)/(precision,,+recally,).

Multiclass Classification With ResNet18
and InceptionNet

For practical reasons, further multiclass classification of common
brain neoplasms is needed. Subsequently, we employed a residual
network (ResNetl8) model and an Inception network
(InceptionNet) model to assist the diagnosis of brain tumor
tissues including meningiomas based on CLE image data. To
train and test the ResNetl8 and InceptionNet models, we
incorporated CLE images from 25 patients and labeled them as
“glioblastoma”(eight patients, 5,322 images), “metastasis” (eight
patients, 4,120 images) and “meningioma” (nine patients, 4,529
images), respectively.

The precision-recall curve analysis of concurrent three-class
tumor-type prediction showed macro-averaged F1 values of up
to 0.92 (Figure 2). Importantly, five-fold cross validation
confirmed the networks’ validity. InceptionNet showed no
superior performance with a macro-averaged F1 score of 0.91.
ResNet18’s overall accuracy of 85.8% for three-class prediction
was slightly improved by manually filtering CLE images before
employing the ResNetl8 model. Considering the network’s
confidence for the assessment of CLE images provides a
possible feasibility for analysis, regarding the lack of
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FIGURE 2 | (A) Test set results with Precision-Recall curves received for a trained three-class residual convolutional network, Inception network and a
trained residual network with manually selected images. In (A) 12,273 images were used for training and 1,699 for the test set. In the preselected data
set, 5,261 images were found suitable for training, and 647 were available for the test set. (B) Five-fold cross validation results. (C) Confusion matrix
showing ResNet18 outputs and labeling of a test set using preselected images after images including substantial artifacts were manually removed. Images
were obtained with CLE following topical ex vivo staining with fluorescein dye. In each cell, the number above is the count and the number below the

histopathological information in most images. Therefore, we
calculated the rate of diagnostic images with high confidence
as ratio of images with output levels of 0.999 or higher and the
overall amount of images. Results for both the deep learning
models and the ResNet18 model with preselected data only are
summarized in Table 2. Test accuracy was 93.6% when a
confidence level of >0.999 was applied. 548 of 1,576 (32.3%)
images were marked with a confidence of 0.999 or higher. A
ResNet18 model trained and tested with preselected data had an
accuracy in the test set of 87.3 and 98.6% for images with a
confidence level >0.999. Here 36.7% (355/966) of images had an
output level of 0.999 or higher. Test set accuracies for individual
classes of glioblastoma, brain metastases, meningioma and the
respective rate of diagnostic image data are presented in Table 3.

Complementing Manual With

Automated Analysis

Since CLE accompanies a high amount of artifacts and potential
non-diagnostic images, we had a close look at the output levels,
also described as network’s confidence for single image analysis.
When we analyzed images with output levels of 0.99 or higher,

TABLE 3 | Accuracy analysis of residual neural network with multiclass
classification for individual classes.

Class/Network Accuracy Accuracy ResNet18 Rate of
ResNet18 unfiltered with diagnostic
unfiltered threshold >0.999 images

Glioblastoma ResNet18 92.3 93.8 57.5

unfiltered

Metastases ResNet18 89.3 94 20

unfiltered

Meningioma ResNet18 89.9 99.5 25.9

unfiltered

Glioblastoma ResNet18 92.3 98.6 37.8

filtered images only

Metastases ResNet18 93.5 100 53.3

filtered images only

Meningioma ResNet18 88.2 98.6 5.5

filtered images only

The ratio of images rated with an output level of 0.999 or higher and the overall images are
indicated as diagnostic images. ResNet18 filtered contained manually selected data free
of substantial artifacts. A threshold of >0.999 indicates only images with output values of
0.999 or higher as rated by the network were included in the analysis. Images were
obtained with CLE following topical ex vivo staining with fluorescein dye. Percentage
values are indicated.

Frontiers in Oncology | www.frontiersin.org

May 2021 | Volume 11 | Article 668273


https://www.frontiersin.org/journals/oncology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/oncology#articles

Ziebart et al.

Deep Network for Confocal Endomicroscopy

average accuracies of 92.3% were achieved applying ResNet18 for
multiclass classification of CLE data. Independent analysis of two
neuro-oncological surgeons of these images showed abundant
histopathological data compared to the entire data set. Since CLE
images are almost immediately displayed during surgery, we
wondered if a combination of expert opinion and real-time
automated analysis would facilitate decision making. We
compared neurosurgical assessment of balanced data sets,
containing equal numbers of glioblastoma, brain metastases,
and meningioma images to CNN performance (Figure 3).
There was a tendency towards higher accuracy when images
were selected by CNN’s output level compared to manually
selected images, lacking artifacts or low contrast. However,
neuro-oncological surgeons could not achieve accuracies of
ResNet18 image analysis rated with an output level of 0.99
or higher.

Convolutional Neural Network for Cell
Density and Nuclear Analysis

Staining with nuclear green dye offers a readout for cellular
density. CLE images of resected tissue samples stained
with nuclear green resulted in image sets with consistently
high quality and strong nuclear staining (Figure 4A). Exact
cell count and morphology might therefore result in sufficient
CNN performance (Figure 4B). Analysis for binary classification
of nuclear green images is presented in Figures 4C-E and in
Figure 4F for multiclass classification. A macro-averaged F1
score of 62% was achieved for classification of the three tumor
types. When a threshold of confidence of 0.999 was applied, 124
of 2,990 images were suitable, and an accuracy of 94% resulted in
the test set.

Following validation of the neural network models, we
created a model for on-site tumor diagnosis of glioblastoma,
brain metastases and meningioma. We propose a final
evaluation of CLE imaging by the neurosurgeon with the aid
of the networks’ output levels to estimate diagnostic
probability. The output levels do not display percentage of

diagnostic probability. Schematic network construction and the
proposed streamlined workflow with tissue to diagnose pipeline
are shown in Figure 5.

DISCUSSION

The neurosurgical workflow and surgical performance could
benefit from CLE in at least two aspects. First, its use could
substitute for conventional frozen section pathology. Second, it
could be used to confirm completeness of the resection by
scanning the walls of the resection cavity.

CLE imaging combined with Computer Aided Diagnosis
(CAD) successfully predicted the three most common
encountered brain tumor entities. Manual preselection of the
data showed marginal effect on network accuracy and the rate of
diagnostic images. However, there was a limited and probably
too small amount of data left for training, affecting the overall
output. Further, the selection by a neurosurgeon, focusing on
known structures and contrast, might not correlate with the
network’s criteria used for the output level. Of note, output levels
were higher for brain metastases and glioblastoma for two and
three-class networks as compared to meningioma. We suspect
that the high predictive power of glioblastoma CLE images is due
to the characteristic bright spots occurring almost exceptional in
glioblastoma specimens. Primarily noted from ex vivo imaging,
some cells might uptake fluorescein following prolonged
exposure to the dye or via influx of dye into damaged cells
(17). Interestingly, outputs were rather less predictive when
nuclear green dye was used. This suggests that in case of
fluorescein application other features than nuclear density
were chosen.

Diagnostic sensitivity of CLE has been previously described
between 52.97 and 90% in case of low grade and high grade
gliomas and meningioma ex vivo specimens analyzed by
neuropathologists and neurosurgeons. Diagnostic sensitivity
was only 37% for brain metastases (18, 19). Confocal scanning
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[ : )
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80 - — Bl Neurosurgeon CNN filtered
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o =
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FIGURE 3 | Comparative analysis of manual, deep learning based and combined assessment of glioblastoma, brain metastasis and meningioma images obtained
by confocal laser endomicroscopy. Balanced test sets containing 90 images were anonymized and evaluated by trained neuro-oncological surgeons. Results are
displayed in the first column. A second test set was evaluated by the surgeons including images rated by the residual network with a confidence of 0.99 or higher
(2nd column). Overall accuracies of residual network test set analysis and results of the image subgroup rated with an output level of 0.99 or higher are displayed.
Average accuracy of at least three independent experiments and five-fold cross validation are shown, respectively.
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analysis and corresponding macro-averaged F1 score received for a test set of a trained three-class residual network.

microscopy allows rapid histopathological assessment for a
variety of brain neoplasms including, gliomas, metastases, and
pituitary tumors faster than conventional frozen section (20).
However, sifting manually through the images is tedious and
impractical for high throughput imaging. Therefore, an
upstream network is essential for filtering non-diagnostic
images in a fast and feasible manner (21).

The high predictive potential of our network for brain
metastases might present an integral part of fully automated
diagnosis in the near future, complementing the model with
preoperatively diagnosed metastases via computer-aided
detection in magnetic resonance imaging (22, 23).
Izadyyazdanabadi et al. showed promising results applying
neural network models to categorize CLE data of brain
neoplasms into diagnostic and non-diagnostic images, though
not specifying the actual tumor entity (24).

For other fields like Barrett’s esophagus, CLE combined with
automated image processing approaches has shown not only

thorough diagnostic potential, but also decrease of biopsy
samples and the ability to classify the pathology (25). CAD of
CLE based data also showed promising results in diagnosing
inflammatory bowel disease and discriminating neoplastic versus
non-neoplastic epithelium in head and neck cancer (26, 27).
Similar deep networks were used to evaluate cancerous colon
tissue following CLE imaging (28).

Kamen et al. early described the use of an automated tissue
differentiation algorithm with machine learning in order to
classify CLE images of glioblastomas and meningiomas.
However, the clinical impact distinguishing solely these tumor
types is limited and state-of-the-art CNNs for classification were
not used, which resulted in an average accuracy of 84% (29).
When aiming for automated tumor diagnosis by CLE image
analysis in neurosurgery, multiclass networks need to be
designed and trained for multiple tumor types, reactive and
normal brain tissues. To our knowledge, such a multiclass
classifier has not been applied for CLE image analysis, and
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diagnosis
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confidence threshold, non-diagnostic images are not considered for evaluation.

prior studies have not distinguished glioblastoma from cerebral
metastases CLE images with machine learning.

We believe CLE based automated data processing is
less expensive and more efficient than the current technique,
even if time needed for data transfer and consultation with
a neuropathologist are included into that consideration.
Conventional workflows without automated approaches
necessitate a functional network for data transfer and
communication, trained and available neuropathologists for
image interpretation, time to review single images, and constant
technical support. Each step represents a potential economic and
technical barrier, while computational costs are limited. Further,
the proposed pipeline for ex vivo diagnosis is an alternative for
neurosurgeons where diagnosis by neuropathologists is not
broadly available. The use of CLE-assisted fluorescent surgery
not only is an improvement of immediate histological diagnosis as
compared to time-consuming hematoxylin and eosin staining, but
could also improve representation of the borders of tumor and
normal tissues (30).

Confocal laser endomicroscopy

Trained CNN

/ Probability \
90
B Glioblastoma
68 54 Meta}stqses
45 Meningioma
23

NC— J

FIGURE 5 | Proposed pipeline for intraoperative diagnosis of brain tumors with confocal laser endomicroscopy after image acquisition, training and test phase of a
convolutional neural network (CNN). (A) Experimental design for construction and validation of a CNN for multiclass classification of brain tumors. Fresh specimens
are stained with fluorescein dye, and images are acquired with confocal laser endomicroscopy (CLE) by a single user. Afterwards the specimens undergo
histopathological diagnostics (as described in Materials and Methods) providing ground truth for training and validation of the CNN. CLE contained a portable hand
held probe and a touch screen. (B) Schematic workflow for ex vivo brain tumor diagnosis providing CLE images with an additional confidence level. By applying a

However, caution is advised in using the networks’ confidence
for single image analysis. In our opinion, confidence levels
provide an aid for intraoperative expert analysis. Multiple
images and affiliated output levels should be evaluated in the
same region. Further, we acknowledge several limitations to our
study. Our model cannot readily be applied to clinical situations
yet, unless training for additional tumor types and normal as well
as non-tumor mimickers is completed. The current model might
be applicable for patients who have high likelihood of
glioblastoma, cerebral metastases, or grade I meningioma
based on standard radiographic evaluation. The feasibility of
CLE-assisted multifluorescent surgery also has to be increased by
extending the usability to other fluorescent agents like 5-
aminolevulinic acid (30). In order to provide high-quality data
in vivo, the kinetics of the fluorophore agents and administration
techniques have to be taken into account. Furthermore, in vivo
validation is mandatory, since the study did not utilize
intravenous fluorescein application which potentially allows a
more homogenous staining than topical application, however
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also underlies decreasing fluorescence signal over time after
injection (31). Quality of in vivo acquired images is limited by
the fluorophore kinetics as some dyes, in particular fluorescein,
washes out leading to low contrasted tissue if image acquisition is
delayed. In contrast, ex vivo imaging after topical staining is
significantly less affected by the timing of fluorescein
administration. Insufficient contrast can be avoided by
readministration of fluorescein and thus increase image quality
(32). Future analysis will include an assessment of tumor
microvasculature in addition to tumor cell morphology and
architecture. Interpretation of erythrocyte flow, thrombosis,
and velocity changes may help to classify glioma subtypes,
normal and injured brain tissues (33). Due to the lack of blood
flow in ex vivo samples, these features were not included during
the CNN training process in this study.

We continue to enlarge our sample size and anticipate to
extend the model’s labeling ability when a larger data set with
different tumor entities will be available. In addition, expert’s
diagnostic recognition may be improved using machine learning
algorithms. For example, Izadyyazdanabadi M. et al. used image
style transfer method based on permanent hematoxylin and
eosin staining and therefore enhanced diagnostic quality of
glioma CLE images (34). Among other factors, colorization of
the images provided advantages for the analysis. Therefore image
style transfer is a promising tool, which could be integrated into
the described workflow for on-the-fly interpretation of CLE
images and should also be tested in brain metastases.
Additionally, a crucial point for future real-time diagnosis is
the automated reduction of artifacts affecting the analysis.
Therefore, the use of transfer learning from intermediate
endpoints may overcome non-diagnostic image sections and
thus improve accuracy as described by Aubreville et al. (35).

CONCLUSIONS

The use of machine-learning algorithms following CLE imaging
achieved high accuracy in the prediction of three different brain
tumor types when output levels were assessed. The developed
algorithm enables CLE to be integrated into the clinical workflow
as a tool for almost real-time tissue diagnosis. Beyond simply
gaining an orientation about tumor entity, fast high-volume
image processing facilitates a high amount of artifact-free
digital biopsies. Thereby, intra-tumor heterogeneity and
information about resection margins can be taken into account

REFERENCES

1. Tofte K, Berger C, Torp SH, Solheim O. The Diagnostic Properties of Frozen
Sections in Suspected Intracranial Tumors: A Study of 578 Consecutive Cases.
Surg Neurol Int (2014) 5:170. doi: 10.4103/2152-7806.146153

2. Chand P, Amit S, Gupta R, Agarwal A. Errors, Limitations, and Pitfalls in the
Diagnosis of Central and Peripheral Nervous System Lesions in
Intraoperative Cytology and Frozen Sections. J Cytol (2016) 33:93-7.
doi: 10.4103/0970-9371.182530

3. Nemoto N, Sakurai I, Baba S, Gotoh S, Osada H. A Study of Intraoperative
Rapid Frozen Section Diagnosis Focusing on Accuracy and Quality
Assessment. Rinsho Byori (1992) 40:1319-28.

when performing tumor resection or planning postoperative
radiation. Further investigations to improve overall
performance are needed before the method can become part of
neurosurgical routine.

AUTHOR'S NOTE

Portions of this work were presented in abstract form at the 2019
Computer Assisted Radiology and Surgery Conference, Rennes,
France, June 20, 2019.

DATA AVAILABILITY STATEMENT

The data associated with the paper are not publicly available
but are available from the corresponding author on
reasonable request.

ETHICS STATEMENT

The studies involving human participants were reviewed and
approved by the Ethics Committee II, University of Heidelberg,
Medical Faculty Mannheim. The patients provided their written
informed consent to participate in this study.

AUTHOR CONTRIBUTIONS

VR, FE, and AZ performed experiments. DS and AZ analyzed
results and prepared figures. FE and DH designed the research.
AV provided histopathological analysis, AZ and FE drafted the
paper, and all authors reviewed and commented on the report.
All authors contributed to the article and approved the
submitted version.

SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online
at: https://www.frontiersin.org/articles/10.3389/fonc.2021.
668273/full#supplementary-material

4. Goncalves M, Aubreville M, Mueller SK, Sievert M, Maier A, Iro H, et al.
Probe-Based Confocal Laser Endomicroscopy in Detecting Malignant Lesions
of Vocal Folds. Acta Otorhinolaryngol Ital (2019) 39(6):389-95.
doi: 10.14639/0392-100X-2121

5. Lee ], Jeh SU, Koh DH, Chung DY, Kim MS, Goh HJ, et al. Probe-Based
Confocal Laser Endomicroscopy During Transurethral Resection of Bladder
Tumors Improves the Diagnostic Accuracy and Therapeutic Efficacy. Ann
Surg Oncol (2019) 26:1158-65. doi: 10.1245/510434-019-07200-6

6. Aubreville M, Knipfer C, Oetter N, Jaremenko C, Rodner E, Denzler J, et al.
Automatic Classification of Cancerous Tissue in Laserendomicroscopy
Images of the Oral Cavity Using Deep Learning. Sci Rep (2017) 7:11979.
doi: 10.1038/s41598-017-12320-8

Frontiers in Oncology | www.frontiersin.org

May 2021 | Volume 11 | Article 668273


https://www.frontiersin.org/articles/10.3389/fonc.2021.668273/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fonc.2021.668273/full#supplementary-material
https://doi.org/10.4103/2152-7806.146153
https://doi.org/10.4103/0970-9371.182530
https://doi.org/10.14639/0392-100X-2121
https://doi.org/10.1245/s10434-019-07200-6
https://doi.org/10.1038/s41598-017-12320-8
https://www.frontiersin.org/journals/oncology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/oncology#articles

Ziebart et al.

Deep Network for Confocal Endomicroscopy

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

. Bergenheim F, Seidelin JB, Pedersen MT, Mead BE, Jensen KB, Karp JM, et al.

Fluorescence-Based Tracing of Transplanted Intestinal Epithelial Cells Using
Confocal Laser Endomicroscopy. Stem Cell Res Ther (2019) 10:148.
doi: 10.1186/s13287-019-1246-5

. Wang KK, Carr-Locke DL, Singh SK, Neumann H, Bertani H, Galmiche J-P,

et al. Use of Probe-Based Confocal Laser Endomicroscopy (Pcle) in
Gastrointestinal Applications. a Consensus Report Based on Clinical
Evidence. United Eur Gastroenterol ] (2015) 3:230-54. doi: 10.1177/
2050640614566066

. Ignat M, Lindner V, Vix M, Marescaux ], Mutter D. Intraoperative Probe-

Based Confocal Endomicroscopy to Histologically Differentiate Thyroid
From Parathyroid Tissue Before Resection. Surg Innov (2019) 26:141-8.
doi: 10.1177/1553350618814078

Wijmans L, Bonta PI, Rocha-Pinto R, de Bruin DM, Brinkman P, Jonkers RE,
et al. Confocal Laser Endomicroscopy as a Guidance Tool for Transbronchial
Lung Cryobiopsies in Interstitial Lung Disorder. Respiration (2019) 97:259—
63. doi: 10.1159/000493271

Sanai N, Eschbacher J, Hattendorf G, Coons SW, Preul MC, Smith KA, et al.
Intraoperative Confocal Microscopy for Brain Tumors: A Feasibility Analysis
in Humans. Neurosurgery (2011) 68:282-90:discussion 290. doi: 10.1227/
NEU.0b013e318212464e

Martirosyan NL, Georges J, Eschbacher JM, Cavalcanti DD, Elhadi AM,
Abdelwahab MG, et al. Potential Application of a Handheld Confocal
Endomicroscope Imaging System Using a Variety of Fluorophores in
Experimental Gliomas and Normal Brain. Neurosurg Focus (2014) 36:E16.
doi: 10.3171/2013.11.FOCUS13486

Belykh E, Cavallo C, Gandhi S, Zhao X, Veljanoski D, Izadyyazdanabadi M,
et al. Utilization of Intraoperative Confocal Laser Endomicroscopy in Brain
Tumor Surgery. ] Neurosurg Sci (2018) 62:704-17. doi: 10.23736/S0390-
5616.18.04553-8

LeCun Y, Bengio Y, Hinton G. Deep Learning. Nature (2015) 521:436-44.
doi: 10.1038/nature14539

He K, Zhang X, Ren S, Sun J. Deep Residual Learning for Image Recognition.
ArXiv [csCV] (2015) arXiv:1512.03385. doi: 10.1109/CVPR.2016.90

Hollon TC, Pandian B, Adapa AR, Urias E, Save AV, Khalsa SSS, et al. Near
Real-Time Intraoperative Brain Tumor Diagnosis Using Stimulated Raman
Histology and Deep Neural Networks. Nat Med (2020) 26:52-8. doi: 10.1038/
541591-019-0715-9

Belykh E, Miller EJ, Carotenuto A, Patel AA, Cavallo C, Martirosyan NL, et al.
Progress in Confocal Laser Endomicroscopy for Neurosurgery and Technical
Nuances for Brain Tumor Imaging With Fluorescein. Front Oncol (2019)
9:554. doi: 10.3389/fonc.2019.00554

Martirosyan NL, Eschbacher JM, Kalani MYS, Turner JD, Belykh E, Spetzler
RE, et al. Prospective Evaluation of the Utility of Intraoperative Confocal Laser
Endomicroscopy in Patients With Brain Neoplasms Using Fluorescein
Sodium: Experience With 74 Cases. Neurosurg Focus (2016) 40:E11.
doi: 10.3171/2016.1. FOCUS15559

Breuskin D, Szczygielski J, Urbschat S, Kim Y-J, Oertel J. Confocal Laser
Endomicroscopy in Neurosurgery—an Alternative to Instantaneous Sections?
World Neurosurg (2017) 100:180-5. doi: 10.1016/j.wneu.2016.12.128
Martirosyan NL, Georges J, Eschbacher JM, Belykh E, Carotenuto A, Spetzler
RF, et al. Confocal Scanning Microscopy Provides Rapid, Detailed
Intraoperative Histological Assessment of Brain Neoplasms: Experience
With 106 Cases. Clin Neurol Neurosurg (2018) 169:21-8. doi: 10.1016/
j.clineuro.2018.03.015

Izadyyazdanabadi M, Belykh E, Mooney M, Martirosyan N, Eschbacher J,
Nakaji P, et al. Convolutional Neural Networks: Ensemble Modeling, Fine-
Tuning and Unsupervised Semantic Localization for Neurosurgical CLE
Images. J Vis Commun Image Represent (2018) 54:10-20. doi: 10.1016/
jjvcir.2018.04.004

Dikici E, Ryu JL, Demirer M, Bigelow M, White RD, Slone W, et al.
Automated Brain Metastases Detection Framework for T1-Weighted
Contrast-Enhanced 3D MRI. IEEE ] BioMed Health Inform (2020) 24
(10):2883-93. doi: 10.1109/JBHI.2020.2982103

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

35.

Zhou Z, Sanders JW, Johnson JM, Gule-Monroe MK, Chen MM, Briere TM,
et al. Computer-Aided Detection of Brain Metastases in T1-Weighted MRI for
Stereotactic Radiosurgery Using Deep Learning Single-Shot Detectors.
Radiology (2020) 295(2):407-15. doi: 10.1148/radiol.2020191479
Izadyyazdanabadi M, Belykh E, Martirosyan N, Eschbacher ], Nakaji P, Yang
Y, et al. Improving Utility of Brain Tumor Confocal Laser Endomicroscopy:
Objective Value Assessment and Diagnostic Frame Detection With
Convolutional Neural Networks. Proc SPIE 10134 Med Imaging 2017:
Computer-Aided Diagnosis (2017) 101342]:101342]. doi: 10.1117/12.2254902
Ghatwary N, Ahmed A, Grisan E, Jalab H, Bidaut L, Ye X. In-Vivo Barrett’s
Esophagus Digital Pathology Stage Classification Through Feature
Enhancement of Confocal Laser Endomicroscopy. ] Med Imaging (2019)
6:1. doi: 10.1117/1.jmi.6.1.014502

Dittberner A, Rodner E, Ortmann W, Stadler J, Schmidt C, Petersen I, et al.
Automated Analysis of Confocal Laser Endomicroscopy Images to Detect
Head and Neck Cancer. Head Neck (2016) 38 Suppl 1:E1419-26. doi: 10.1002/
hed.24253

Quénéherve L, David G, Bourreille A, Hardouin JB, Rahmi G, Neunlist M,
et al. Quantitative Assessment of Mucosal Architecture Using Computer-
Based Analysis of Confocal Laser Endomicroscopy in Inflammatory Bowel
Diseases. Gastrointest Endosc (2019) 89:626-36. doi: 10.1016/j.gie.2018.08.006
Rasti P, Wolf C, Dorez H, Sablong R, Moussata D, Samiei S, et al. Machine
Learning-Based Classification of the Health State of Mice Colon in Cancer
Study From Confocal Laser Endomicroscopy. Sci Rep (2019) 9:20010.
doi: 10.1038/s41598-019-56583-9

Kamen A, Sun S, Wan S, Kluckner S, Chen T, Gigler AM, et al. Automatic
Tissue Differentiation Based on Confocal Endomicroscopic Images for
Intraoperative Guidance in Neurosurgery. BioMed Res Int (2016)
2016:6183218. doi: 10.1155/2016/6183218

Charalampaki P, Nakamura M, Athanasopoulos D, Heimann A. Confocal-
Assisted Multispectral Fluorescent Microscopy for Brain Tumor Surgery.
Front Oncol (2019) 9:583. doi: 10.3389/fonc.2019.00583

Folaron M, Strawbridge R, Samkoe KS, Filan C, Roberts DW, Davis SC. Elucidating
the Kinetics of Sodium Fluorescein for Fluorescence-Guided Surgery of Glioma.
J Neurosurg (2018) 131:724-34. doi: 10.3171/2018.4.JNS172644

Belykh E, Zhao X, Ngo B, Farhadi DS, Byvaltsev VA, Eschbacher JM, et al.
Intraoperative Confocal Laser Endomicroscopy Ex Vivo Examination of
Tissue Microstructure During Fluorescence-Guided Brain Tumor Surgery.
Front Oncol (2020) 10:599250. doi: 10.3389/fonc.2020.599250

Belykh E, Zhao X, Ngo B, Farhadi DS, Kindelin A, Ahmad S, et al.
Visualization of Brain Microvasculature and Blood Flow in Vivo: Feasibility
Study Using Confocal Laser Endomicroscopy. Microcirculation (2021) 11:
€12678. doi: 10.1111/micc.12678

. Izadyyazdanabadi M, Belykh E, Zhao X, Moreira LB, Gandhi S, Cavallo C,

et al. Fluorescence Image Histology Pattern Transformation Using Image
Style Transfer. Front Oncol (2019) 9:519. doi: 10.3389/fonc.2019.00519
Aubreville M, Stoeve M, Oetter N, Goncalves M, Knipfer C, Neumann H, et al.
Deep Learning-Based Detection of Motion Artifacts in Probe-Based Confocal
Laser Endomicroscopy Images. Int ] Comput Assist Radiol Surg (2019) 14:31—
42. doi: 10.1007/s11548-018-1836-1

Conflict of Interest: DS was employed by the company Clevertech Inc.

The remaining authors declare that the research was conducted in the absence of
any commercial or financial relationships that could be construed as a potential
conflict of interest.

Copyright © 2021 Ziebart, Stadniczuk, Roos, Ratliff, von Deimling, Hinggi and
Enders. This is an open-access article distributed under the terms of the Creative
Commons Attribution License (CC BY). The use, distribution or reproduction in other
forums is permitted, provided the original author(s) and the copyright owner(s) are
credited and that the original publication in this journal is cited, in accordance with
accepted academic practice. No use, distribution or reproduction is permitted which
does not comply with these terms.

Frontiers in Oncology | www.frontiersin.org

May 2021 | Volume 11 | Article 668273


https://doi.org/10.1186/s13287-019-1246-5
https://doi.org/10.1177/2050640614566066
https://doi.org/10.1177/2050640614566066
https://doi.org/10.1177/1553350618814078
https://doi.org/10.1159/000493271
https://doi.org/10.1227/NEU.0b013e318212464e
https://doi.org/10.1227/NEU.0b013e318212464e
https://doi.org/10.3171/2013.11.FOCUS13486
https://doi.org/10.23736/S0390-5616.18.04553-8
https://doi.org/10.23736/S0390-5616.18.04553-8
https://doi.org/10.1038/nature14539
https://doi.org/10.1109/CVPR.2016.90
https://doi.org/10.1038/s41591-019-0715-9
https://doi.org/10.1038/s41591-019-0715-9
https://doi.org/10.3389/fonc.2019.00554
https://doi.org/10.3171/2016.1.FOCUS15559
https://doi.org/10.1016/j.wneu.2016.12.128
https://doi.org/10.1016/j.clineuro.2018.03.015
https://doi.org/10.1016/j.clineuro.2018.03.015
https://doi.org/10.1016/j.jvcir.2018.04.004
https://doi.org/10.1016/j.jvcir.2018.04.004
https://doi.org/10.1109/JBHI.2020.2982103
https://doi.org/10.1148/radiol.2020191479
https://doi.org/10.1117/12.2254902
https://doi.org/10.1117/1.jmi.6.1.014502
https://doi.org/10.1002/hed.24253
https://doi.org/10.1002/hed.24253
https://doi.org/10.1016/j.gie.2018.08.006
https://doi.org/10.1038/s41598-019-56583-9
https://doi.org/10.1155/2016/6183218
https://doi.org/10.3389/fonc.2019.00583
https://doi.org/10.3171/2018.4.JNS172644
https://doi.org/10.3389/fonc.2020.599250
https://doi.org/10.1111/micc.12678
https://doi.org/10.3389/fonc.2019.00519
https://doi.org/10.1007/s11548-018-1836-1
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/oncology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/oncology#articles

	Deep Neural Network for Differentiation of Brain Tumor Tissue Displayed by Confocal Laser Endomicroscopy
	Introduction
	Material and Methods
	Patient Cohort
	Tumor Tissue Processing
	Confocal Laser Endomicroscopy
	Image Preprocessing and Convolutional Neural Networks
	Image Interpretation by Neurosurgeons
	Statistical Analysis

	Results
	Differentiation of Malignant Tumors
	Multiclass Classification With ResNet18 and InceptionNet
	Complementing Manual With Automated Analysis
	Convolutional Neural Network for Cell Density and Nuclear Analysis

	Discussion
	Conclusions
	Author's Note
	Data Availability Statement
	Ethics Statement
	Author Contributions
	Supplementary Material
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages false
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 1
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages false
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages false
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 300
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages false
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /ENU (T&F settings for black and white printer PDFs 20081208)
  >>
  /ExportLayers /ExportVisibleLayers
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


