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Background: Accurate prediction of prognosis is critical for therapeutic
decisions in chondrosarcoma patients. Several prognostic models have been
created utilizing multivariate Cox regression or binary classification-based
machine learning approaches to predict the 3- and 5-year survival of patients
with chondrosarcoma, but few studies have investigated the results of
combining deep learning with time-to-event prediction. Compared with
simplifying the prediction as a binary classification problem, modeling the
probability of an event as a function of time by combining it with deep
learning can provide better accuracy and flexibility.

Materials and methods: Patients with the diagnosis of chondrosarcoma
between 2000 and 2018 were extracted from the Surveillance,
Epidemiology, and End Results (SEER) registry. Three algorithms—two based
on neural networks (DeepSurv, neural multi-task logistic regression [NMTLR])
and one on ensemble learning (random survival forest [RSF]) —were selected for
training. Meanwhile, a multivariate Cox proportional hazards (CoxPH) model
was also constructed for comparison. The dataset was randomly divided into
training and testing datasets at a ratio of 7:3. Hyperparameter tuning was
conducted through a 1000-repeated random search with 5-fold cross-
validation on the training dataset. The model performance was assessed
using the concordance index (C-index), Brier score, and Integrated Brier
Score (IBS). The accuracy of predicting 1-, 3-, 5- and 10-year survival was
evaluated using receiver operating characteristic curves (ROC), calibration
curves, and the area under the ROC curves (AUC).

Results: A total of 3145 patients were finally enrolled in our study. The mean
age at diagnosis was 52 + 18 years, 1662 of the 3145 patients were male (53%),
and mean survival time was 83 + 67 months. Two deep learning models
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outperformed the RSF and classical CoxPH models, with the C-index on test
datasets achieving values of 0.832 (DeepSurv) and 0.821 (NMTLR). The
DeepSurv model produced better accuracy and calibrated survival estimates
in predicting 1-, 3- 5- and 10-year survival (AUC:0.895-0.937). We deployed
the DeepSurv model as a web application for use in clinical practice; it can be
accessed through https://share.streamlit.io/whuh-ml/chondrosarcoma/
Predict/app.py.

Conclusions: Time-to-event prediction models based on deep learning
algorithms are successful in predicting chondrosarcoma prognosis, with

DeepSurv producing the best discriminative performance and calibration.
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Introduction

Chondrosarcoma accounts for 20-30% of primary bone
tumors in adulthood and is the second most frequently
occurring bone sarcoma behind osteosarcoma (1). Compared to
Ewing sarcoma and osteosarcoma, chondrosarcoma is a less
malignant disease, with most patients living for 10 years
following standard therapy (2). The clinical presentation of
chondrosarcoma varies. 90% are conventional chondrosarcomas
and 90% of these are low to intermediate-grade tumors. These
tumors are slow growing, less likely to metastasize and relatively
insensitive to both chemotherapy and radiotherapy (3). The
remaining 10-8% of non-conventional tumors are further
classified into five subtypes: myxoid, mesenchymal,
dedifferentiated, juxtacortical, and clear cell. Those sarcomas
(including 5-10% of high-grade conventional chondrosarcomas)
can be highly malignant and aggressive, with a higher probability
of metastasis, leading to poorer outcomes for patients (4).

Several prognostic models have been created utilizing
multivariate Cox regression or machine-learning approaches to
predict the 3- and 5-year survival of patients with
chondrosarcoma (5-8). Among these models, the nomogram
is a frequently used method for integrating and measuring
different significant clinical variables of patients when
assessing the odds of occurrence of events using the Cox
proportional hazards (CoxPH) model. However, one of the
underlying assumptions regarding the CoxPH model is that
each predictor variable has the same effect at each follow-up time
point; however, this overlooks changes in the effect of predictor
factors on individual patients at different time points.
Additionally, these models use linearity assumptions rather
than conducting nonlinear analyses that represent clinical
aspects in the real world. As a result, improved solutions
focusing on nonlinear variables are required. The Skeletal
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Oncology Research Group (SORG) algorithm was proposed
(5), which trained several binary classification-based machine
learning models using the National Cancer Institute’s
Surveillance, Epidemiology, and End Results (SEER) data to
predict 5-year survival, with the highest AUC being 0.868. The
algorithm was subsequently validated on data from two external
datasets (9, 10) and showed good performance. Although the
SORG algorithm achieves better prediction performance than
traditional methods by assessing the nonlinear relationships
between variables, its limitations are also obvious. Firstly, it
applied a machine learning method to survival data by
simplifying the prediction as a binary classification problem;
this approach lacks the interpretability and flexibility provided
by modeling the probabilities of events as a function of time (11).
Secondly, it was trained using data from the SEER database
between 2004 and 2010, but data from 2011 to 2018 are already
available in the SEER database. Since treatment strategies have
evolved in recent years, the patient’s clinical characteristics may
have changed. Thirdly, the surgical treatment of patients (one of
its input features) is not classified in detail. However, the type of
surgery may be associated with survival rates (5).

In order to address all of the above-mentioned issues
concerning survival predictions, new approaches for
combining machine learning methods with survival models
have been proposed. Katzman et al. (12) integrated the Cox
proportional hazards model with neural networks (DeepSurv)
and showed that this novel approach was able to outperform
classical Cox models (13, 14). The DeepSurv model used the
negative log partial likelihood function to assess patients’
survival hazards, utilizing a core hierarchical structure
composed of fully connected feed-forward neural networks
with a single output node. Yu et al. (15) proposed the Linear
Multi-Task Logistic Regression (MTLR) model—an extension of
binomial log-likelihood—for jointly modeling a series of binary
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labels representing event indicators. It is a collection of logistic
regression models constructed at several different time intervals
that can be used to assess the probability that the event of
interest occurred within each interval. The neural MTLR (N-
MTLR) (16) model is based on the MTLR technique but utilizes
a deep learning architecture that considers nonlinear
relationships in datasets; this method has been shown to
outperform the MTLR model in the majority of cases (16).
The random survival forest (RSF) model is an extension of the
random forest model that takes censoring into account and has
been used as a benchmark for method comparison in many
pieces of literature (11).

This study aimed to develop models for predicting the
overall survival (OS) of patients with chondrosarcoma using
the Cox proportional hazards model and three machine learning
algorithms and compared the predictive performance of these
methods. In addition, the best algorithm will be deployed as an
accessible web-based app for clinical use.

Methods
Patient population and data collection

Patients were identified from the SEER database for the
period 2000-2018 for this retrospective cohort study. The SEER
database collects information from 18 cancer registries and
covers approximately 28% of the total US population.
SEER*Stat software (Version 8.4.0; National Cancer Institute,
Bethesda, MD) was used to extract information from the SEER
database. We collected the baseline information of cases (year of
diagnosis, gender, age), tumor characteristics (size, number,
histologic type, grade, primary site, tumor extension, distant
metastasis site, and stage) and treatment details (surgical type,
radiotherapy and chemotherapy). The inclusion criteria were as
follows: (1) patients have a confirmed diagnosis of
chondrosarcoma according to the third edition of the
International Classification of Diseases for Oncology (ICD-O-
3), morphological code (9220, 9240); (2) bones and joints are the
primary site (site recode ICD-O-3/WHO 2008 = Bones and
Joints). The exclusion criteria were as follows: (1) survival time is
unknown or less than one month; (2) chondrosarcoma was not
identified as the primary tumor (first malignant primary
indicator = No). A flowchart of the detailed selection process
is presented in Figure 1.

Variable's definitions

The following variables are extracted from the SEER
database: Year of diagnosis, Age, Gender, Histological type,
Primary site, Stage, Grade, Surgery, Radiotherapy,
Chemotherapy, Tumor size, Number of tumors, Tumor
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extension, Distant metastasis, Survival months, Status. The
original name of variables in the SEER database and the
specific details of each categorical variable was shown in
Supplementary Material E1, section SI. Until 2018, The
grading system in SEER has been consistent throughout all the
years of data collection and consists of a four-tier system with
grade IV corresponding to undifferentiated tumors in addition
to the common grades I (well), II (moderate) and IIT (poorly).
The new grading strategy “Grade Clinical (2018+)” has been
implemented in the SEER database since 2018, which consists of
three grades and explicitly mentions that Grade 3 includes
undifferentiated tumors.

Deep learning model design

The source code of model development is available on
GitHub (https://github.com/WHUH-ML/Chondrosarcoma).

Feature selection

Collinearity occurs when two features have a strong
association with one another. Highly correlated features
should be avoided since they increase computational cost and
effort and they overfit the model. Thus, the cor function in the
stats R package was used to calculate correlations between
features, with a Pearson’s correlation value of 0.7 indicating
that features are highly collinear. In addition, univariate and
multivariate Cox regression were used to assess the
potential features.

Data preprocessing

Binary categorical features were coded as 0 and 1. Ordinal
features were encoded as ordinal numeric values, and
categorical features were one-hot encoded. We implemented
the nonparametric missForest imputation method for handling
missing data, which imputes missing values based on random
forest predictions. Continuous features were standardized
using the StandardScaler function from the sklearn
preprocessing library.

Model development

The primary predicted outcome was overall survival (OS).
Three algorithms—two based on neural networks (DeepSurv,
NMLTR) and one on ensemble learning (RSF)—were selected
for training. Meanwhile, a multivariate CoxPH model was also
constructed for comparison. The dataset was randomly divided
into training and testing datasets at a ratio of 7:3.
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Seer database 2000-2018
[ ICDO-3 code (9220, 9240): N = 4252 ]
Iclusion criteria:
1.Site recode ICD-O-3/WHO 2008: Bones and Joints
[ N =3722 ]
Exclusion criteria:
1.Survival time is unknown or less than 1 month
2. First malignant primary indicator: No
[ Final cohort: N= 3145 ]
Train cohort N= 2201
CoxPH
Training DeepSurv Validation
! ] =
models \ NMTLR (C-index, IBS) Test cohort N= 944
RSF
Web application
FIGURE 1

Study profile and analysis pipeline.

Hyperparameter tuning

It was essential to find the best configuration for our
proposed network, including network architecture and
hyperparameter values. Hyperparameter tuning was conducted
through a 1000-repeated random search with 5-fold cross-
validation on the training dataset. The concordance index (C-
index) was used to evaluate the performance of models with
different combinations of hyperparameters.

Model evaluation

The accuracy of models was determined using C-index,
which is a correlation coefficient between predicted survival
risks and observed survival times. A C-index value of 0.5
indicates that the prediction is random, whereas a C-index
value of 1.0 indicates excellent prediction. The difference
between the two models’ C-index was tested using Kang’s
method (17). Brier scores were also obtained; they indicate the
mean square difference between observed patient status and
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predicted survival probability and are always between 0 and 1,
with 0 being the best possible result. A model with a Brier score
of less than 0.25 is considered useful in practice. The Integrated
Brier Score (IBS) was also calculated to determine the models’
overall performance across all available periods. The 1-, 3-, 5-
and 10-year OS were calibrated using a calibration curve,
comparing expected and observed survival. In order to assess
the time-dependent sensitivities and specificities of the models,
receiver operating characteristic (ROC) curves were generated,
and the area under the curve (AUC) values were calculated for
1-, 3-, 5- and 10-year survival.

Feature importance

To determine the association between individual features and
model performance, we estimated the importance of each feature
within the test set by replacing the feature data with random
numbers (18). The performance of the models, as measured by the
concordance index, was then computed using the data after
replacement to assess the importance of each feature.
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Model deployment

The algorithm with the best performance was deployed
using the Streamlit package in Python to create an interactive
web-based tool for practical use.

Statistical analysis

All continuous variables in clinical data are displayed as the
mean value * standard deviation (SD). Frequencies and
percentages are used to characterize categorical variables. The
chi-square test and unpaired two-side t-test were utilized to
examine the differences in variables across groups. The R
programming language (version 4.1.2) was used to carry out
data preprocessing and plotting. The machine learning models
were constructed using the PySurvival package in the Python
programming language (version 3.6.8).

Results
Basic characteristics

A total of 3145 chondrosarcoma patients registered in the
SEER database from 2004 to 2015 were finally enrolled in this
study. The patient demographic characteristics are shown in
Table 1. 1483 cases were female (47%), and 1662 were male
(53%); the mean age was 52 + 18 years. In terms of the primary
site of tumors, 1595 of them were in the extremities (51%), 702
in the axial skeleton (22%), and 848 in other joints and bones
(27%). 1033 cases were well-differentiated (39%), 1099 were
moderately differentiated (41%), 319 were poorly differentiated
(12%), and 208 were undifterentiated (7.8%). 393 cases did not
undergo surgery (13%), 1066 underwent a local treatment (35%),
1243 underwent a radical excision with limb salvage (41%), and
358 underwent amputation surgery (12%). The mean overall
survival (OS) was 83 + 67 months, and 904 patients died (29%).

Feature selection and data preprocessing

In the univariate Cox regression, OS was significantly
associated with most features except for the year of diagnosis
and the number of tumors (Table 1). For the multivariate Cox
regression, age, gender, histological type, primary site, grade,
surgery, tumor size, tumor extension, and distant metastasis
were independent factors for OS (P<0.05). Results of the
collinearity analysis showed high collinearity between stage and
distant metastasis, and between stage and grade (Figure 2).
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Considered together, we ultimately included nine features (age,
gender, histological type, primary site, grade, surgery, tumor size,
tumor extension and distant metastasis) in the model
development. The dataset was divided into two subsets—training
set and testing set; 2203 cases were used for the training set, and
the remaining 942 cases were used for the test set (Table 2).

Hyperparameter tuning

After a 1000-repeated random search with 5-fold cross-
validation on the training dataset, we selected those
parameters showing the highest average C-index in cross-
validation as the optimal parameters. The graph of the loss
function for the two neural network models (DeepSurv, and
NMTLR) is shown in Figure 3. The search space and optimal
parameter combinations for models’ hyperparameters are
displayed in our open-source code on GitHub (https://github.
com/WHUH-ML/Chondrosarcoma).

Model comparisons

The predictive performance of the machine learning and
CoxPH models is shown in Table 3. In the test dataset, the three
machine learning models showed significant (P < 0.01) better
discrimination (C-index of DeepSurv: 0.832; NMLTR: 0.821;
RSF: 0.803) compared with the standard CoxPH model (C-
index: 0.773); of the three, DeepSurv had the highest C-index of
0.832. The IBS of the four models were 0.108 (DeepSurv), 0.115
(NMLTR), 0.128 (RSF) and 0.126 (CoxPH) (Figure 4). There is
little difference between the C-index obtained from the training
data set (DeepSurv: 0.854; NMLTR: 0.850; RSF: 0.829; CoxPH:
0.782) and that from the test set, indicating that the models do
not suffer from overfitting.

The calibration plots showed that the consistency between
the model’s prediction and the actual observation in terms of the
1-, 3-, 5- and 10-year overall survival rates were best for the
DeepSurv model, followed by the NMTLR, CoxPH, and RSF
models (Figure 5). The AUC was larger for the DeepSurv model
than for the three other models (1-year-AUC of DeepSurv:
0.937, NMLTR: 0.896, RSF: 0.900, CoxPH: 0.879; 3-year-AUC
of DeepSurv: 0.907, NMLTR: 0.896, RSF: 0.900, CoxPH: 0.879;
5-year-AUC of DeepSurv: 0.895, NMLTR: 0.889, RSF: 0.889,
CoxPH: 0.865; 10-year-AUC of DeepSurv: 0.896, NMLTR:
0.890, RSF: 0.885, CoxPH: 0.870) (Figure 5). The results
showed that the deep learning models—especially the
DeepSurv model—were more accurate in predicting the
survival prognosis of chondrosarcoma patients than the RSF
and classical CoxPH models.
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TABLE 1 Patient demographic, disease, treatment characteristics, and Cox regression analysis.

10.3389/fonc.2022.967758

Overall Univariate Cox Multivariate Cox
Characteristic N = 3,145' HR’ 95% CI* P-value HR’ 95% CI* P-value
Year of diagnosis 0.23 0.17
2004-2010 1,768 (56%) — — — —
2011-2015 1,377 (44%) 1.10 0.94, 1.27 0.85 0.68, 1.07
Age 52 (18) 1.05 1.05, 1.06 <0.001 1.04 1.03, 1.05 <0.001
Gender <0.001 <0.001
Female 1,483 (47%) — — — —
Male 1,662 (53%) 1.48 1.29, 1.69 1.58 1.27, 1.96
Histological type <0.001 <0.001
Conventional 2,879 (92%) — — — —
Dedifferentiated 266 (8.5%) 6.30 5.34,7.42 1.96 1.42, 2.69
Primary site <0.001 0.018
Extremity 1,595 (51%) — — — —
Axial skeleton 702 (22%) 1.60 1.37, 1.86 1.09 0.84, 1.42
Other 848 (27%) 0.77 0.65, 0.91 0.72 0.54, 0.95
Stage <0.001 0.80
I 1,083 (73%) — — — _
I 249 (17%) 3.36 2.68, 4.22 1.21 0.69, 2.14
ur 15 (1.0%) 1.33 0.49, 3.57 0.73 0.21, 2.49
v 140 (9.4%) 12.8 10.2, 16.2 1.33 0.46, 3.83
Missing 1,658
Grade <0.001 0.007
Well differentiated 1,033 (39%) — — — —
Moderately differentiated 1,099 (41%) 1.75 1.45, 2.11 1.40 1.05, 1.88
Poorly differentiated 319 (12%) 4.18 3.36, 5.22 1.73 0.94, 3.20
Undifferentiated 208 (7.8%) 10.4 8.31, 13.0 2.63 1.38, 5.03
Missing 486
Surgery <0.001 0.002
No 393 (13%) - - - -
Local treatment 1,066 (35%) 0.24 0.20, 0.29 0.54 0.37, 0.80
Radical excision with limb salvage 1,243 (41%) 0.33 0.28, 0.39 0.48 0.33, 0.68
Amputation 358 (12%) 0.65 0.53, 0.80 0.62 0.42, 0.90
Missing 85
Radiotherapy <0.001 0.39
No 2,822 (90%) — — — —
Yes 323 (10%) 1.42 1.17, 1.72 1.15 0.84, 1.56
Chemotherapy <0.001 0.18
No 2,905 (92%) — - - -
Yes 240 (7.6%) 4.92 4.14, 5.83 1.26 0.90, 1.75
Tumor size, mm 81 (60) 1.00 1.00, 1.01 <0.001 1.00 1.00, 1.00 <0.001
Missing 1,552
Number of tumors 0.28 0.23
1 2,867 (91%) — — — _
> 1 278 (8.8%) 1.12 091, 1.37 0.82 0.59, 1.14
Tumor extension <0.001 0.002
No break in periosteum 553 (29%) — — — —
Extension beyond periosteum 1,251 (67%) 2.27 1.81, 2.85 1.50 1.12, 2.00
Further extension 75 (4.0%) 4.73 3.28, 6.82 2.30 1.41, 3.75
(Continued)
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TABLE 1 Continued

10.3389/fonc.2022.967758

Overall Univariate Cox Multivariate Cox
Characteristic N = 3,145' HR? 95% CI” P-value HR® 95% CI” P-value
Missing 1,266
Distant metastasis <0.001 0.012
No 1,792 (93%) — — — —
Yes 128 (6.7%) 9.98 8.07, 12.4 3.15 1.11, 8.93
Missing 1,225
Survival months 83 (67)
Status
Alive 2,241 (71%)
Dead 904 (29%)

'n (%); Mean (SD).
?HR = Hazard Ratio, CI = Confidence Interval.
P values are bolded to indicate they are less than 0.05.

Feature importance

The assessment of feature importance (Figure 6) identified
features important to model accuracy for prognosis, with a more
than 1% mean reduction in the concordance index with
replacement data of age, tumor size, distant metastasis,
histological type, grade, tumor extension and primary site.

1
Radiotherapy . 09
Primary site . 0.8
07
Tumor extension .
06
Age . 0.5
Number of tumors . 0.4
03
Stage .. 02
Distant metastasis . 0.1
0
Tumor size . 01
Chemotherapy . -0.2
Histological 03
istological type
gical type () o
Grade .
Year .
Gender .
Surgery .

-0.5
-0.6

-0.7
i 0.8

0.9
1

FIGURE 2

Correlation coefficients for each pair of variables in the data set.
The estimated correlation values are distributed within the range
of -1 to +1. They are represented by color depth, with a number
closer to either end value implying a stronger negative
correlation or positive correlation
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Algorithm deployment

A visual representation of the functionality and output of the
application is presented in Figure 7. The web application, which
is primarily for research or informational purposes, can be
publicly accessed at https://share.streamlit.io/whuh-ml/
chondrosarcoma/Predict/app.py.

Discussion

Accurate prediction for chondrosarcoma survival is crucial for
the counseling, follow-up, and treatment planning of patients.
Previous studies have revealed various prognostic factors
influencing the survival times of patients with chondrosarcoma,
including patient age, tumor size, histological type, tumor grade,
and metastasis (6, 19-21).. At the same time, increasing amounts of
imaging (22, 23) and genetic data (2, 24) are being mined for
survival analysis of chondrosarcoma patients. In the face of high-
dimensional data, the limitations of the linear relationship between
variables assumed by the classical CoxPH model are evident (11).
Deep learning is applied to survival analysis due to its ability to
comprehensively reveal potential nonlinear relationships in data. In
recent years, this method has been gradually improved and
successfully applied to clinical (25-27), imaging (28, 29), and
genetic data (27). As far as we know, this approach has not been
applied to bone tumors. Therefore, we constructed two deep
learning models to predict the OS of chondrosarcoma patients
and compared the models’ performance with two classical models.

By gathering potentially significant characteristics from the
SEER database, this study constructed different models for
predicting the survival rates of chondrosarcoma patients. We
firstly used Cox proportional hazards regression to identify
variables related to the prognosis of 3145 individuals with
chondrosarcoma. Age, gender, histological type, original
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TABLE 2 Characteristic distribution of data in training sets and test sets.

Total
Age (mean (SD))
Gender (%)

Histological type (%)

Primary site (%)

Grade (%)

Surgery (%)

Tumor size, mm (mean (SD))

Tumor extension (%)

Distant metastasis (%)

Survival months (mean (SD))
Status (%)

FIGURE 3

10.3389/fonc.2022.967758

Level Overall Train Test
3145 2203 942
51.58 (17.53) 51.70 (17.41) 51.29 (17.82)
Female 1483 (47.2) 1036 (47.0) 447 (47.5)
Male 1662 (52.8) 1167 (53.0) 495 (52.5)
Conventional 2879 (91.5) 2025 (91.9) 854 (90.7)
Dedifferentiated 266 (8.5) 178 (8.1) 88 (9.3)
Extremity 1595 (50.7) 1121 (50.9) 474 (50.3)
Axial skeleton 702 (22.3) 502 (22.8) 200 (21.2)
Other 848 (27.0) 580 (26.3) 268 (28.5)
Well differentiated 1033 (38.8) 725 (38.6) 308 (39.5)
Moderately differentiated 1099 (41.3) 782 (41.6) 317 (40.7)
Poorly differentiated 319 (12.0) 228 (12.1) 91 (11.7)
Undifferentiated 208 (7.8) 145 (7.7) 63 (8.1)
None 393 (12.8) 266 (12.4) 127 (14.0)
Local treatment 1066 (34.8) 762 (35.4) 304 (33.5)
Radical excision with limb salvage 1243 (40.6) 874 (40.6) 369 (40.7)
Amputation 358 (11.7) 251 (11.7) 107 (11.8)
80.65 (60.19) 80.96 (62.00) 79.88 (55.47)
No break in periosteum 553 (29.4) 389 (28.9) 164 (30.8)
Extension beyond periosteum 1251 (66.6) 900 (66.8) 351 (66.0)
Further extension 75 (4.0) 58 (4.3) 17 (3.2)
Not 1792 (93.3) 1280 (93.5) 512 (92.9)
Yes 128 (6.7) 89 (6.5) 39 (7.1)
83.16 (66.93) 84.50 (66.86) 80.04 (67.01)
Alive 2241 (71.3) 1572 (71.4) 669 (71.0)
Dead 904 (28.7) 631 (28.6) 273 (29.0)
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Loss convergence graph for (A) DeepSurv, (B) neural network multitask logistic regression (N-MLTR) models.
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0.547
0.857

0.274

0.395

0.933

0.571

0.746
0.425
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TABLE 3 Performance of four survival models.

C index*
Models Train” Test" IBS® 1-year AUC*
CoxPH* 0.782 0.773 0.126 0.923 (0.897-0.948)
DeepSurv® 0.854 0.832 0.108 0.937 (0.911-0.962)
NMTLR* 0.850 0.821 0.115 0.928 (0.900-0.956)
RSF 0.829 0.803 0.128 0.931 (0.905-0.958)

3-year AUC

0.879 (0.852-0.906)
0.907 (0.883-0.931)
0.896 (0.870-0.922)
0.900 (0.873-0.926)

10.3389/fonc.2022.967758

5-year AUC

0.865 (0.836-0.893)
0.895 (0.870-0.920)
0.889 (0.862-0.915)
0.889 (0.862-0.916)

10-year AUC

0.870 (0.841-0.899)
0.896 (0.870-0.921)
0.890 (0.863-0.917)
0.885 (0.857-0.913)

*CoxPH, standard cox proportional hazards; NMLTR, neural multi-task logistic regression; RSF, random survival forest; IBS, Integrated Brier Score; AUC, area under receiver operating

characteristic curve. C index, concordance index.

°C index in train and test dataset are calculated separately, other metrics are calculated only in the test set.

Bolded metrics indicate that the metric is the best of the fourgroups.
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Prediction error curve. As a benchmark, a useful model will have a Brier score below 0.25.

location, tumor grade, surgery, tumor size, tumor extension, and
distant metastasis were selected to incorporate in the modeling
(p<0.05) (Table 1). The two-layer neural network DeepSurv model
performed the best, followed by NMTLR, RSF and CoxPH. The C-
index values for the DeepSurv model were 0.854 for the training
dataset and 0.832 for the test dataset. Roc curves and calibration
curves further validated DeepSurv’s performance in terms of
discrimination and calibration for predicting 1 -, 3 -, 5 - and 10-
year survival. By combining deep learning methods to model the
probabilities of events as a function of time, the DeepSurv model
outperforms other models when dealing with large samples,
multiple variables, and nonlinearity. The best-performing
DeepSurv model was incorporated into a user-friendly web-based
application that can be accessed for free at https://share.streamlit.io/
whuh-ml/chondrosarcoma/Predict/app.py.

Compared to previous studies predicting chondrosarcoma
survival, our study showed advantages in terms of
discrimination and flexibility. Song (6) used a nomogram to fit
data from chondrosarcoma patients in the SEER database prior
to 2011 to predict OS, with a c-index of 0.753 for the validation
set. In our study, the discrimination of the CoxPH model was
slightly improved (0.773), which may be related to the fact that
we included more cases and a more detailed classification of
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surgical procedures. The SORG algorithm proposed by Thio
(10) made progress under the task of predicting 5-year survival
in chondrosarcoma, with an AUC of 0.87 in the internal
validation dataset. Although our DeepSurv model slightly
outperformed the SORG algorithm in predicting 5-year
survival (AUC of DeepSurv: 0.895), what makes our study
more significant is that the influence of time on events is
considered. Unlike SORG, which can only predict the binary
outcome of 5-year survival, the DeepSurv model is more flexible
and able to directly predict the patient’s survival function,
thereby obtaining the probability of survival at any point in
time. In addition, the neural network embedded in the DeepSurv
model has great potential to learn from high-dimensional data
and can be further enhanced by fitting images and genetic data,
or by using multimodal information fusion techniques.

There are several limitations to consider in our study. Firstly,
with the removal of one-third of the data used for internal
validation, only 2,203 pieces of data were used for model
training. Since chondrosarcoma tumors are mostly early-stage
tumors (distant metastasis occurred in 128 of the 2203 patients),
deep learning may not fully learn the characteristics of patients
with advanced tumors. The prediction error curve also shows
that the prediction performance of the DeepSurv model is

frontiersin.org
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FIGURE 5

The receiver operating curves (ROC) and calibration curves for 1-, 3-, 5-, 10-year survival predictions. ROC curves for (A) 1-, (C) 3-, (E) 5-, (Q)
10-year survival predictions. calibration curves for (B) 1-, (D) 3-, (F) 5-, (H) 10- year survival predictions.

significantly better than that of other models for patients with
longer survival (Figures 4, 5). Secondly, since the data are from
national databases, some known prognostic factors [such as
pathologic fracture (6) and biomarkers (2)] were not available.
Thirdly, the model in this study has not been externally validated.
Although we have adopted measures such as data segmentation and
cross-validation in model development, the generalization and
reliability of the model need to be further validated using other
data sets. Fourthly, personalized treatment recommendations are
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another advantage of the DeepSurv algorithm (12, 18) but were not
validated in this study because of the lack of treatment data. Due to
the linear fitting of variables by the classical Cox model, the model
recommended a constant treatment plan for all patients according
to the calculated hazard ratio (HR) value. However, DeepSurv can
make personalized treatment recommendations for different
patients based on the complex non-linear relationship between
the variables fitted by the model (12), which is more in line with
real-world rules. For example, the use of chemotherapy in patients
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with chondrosarcoma is still controversial (1). By fitting the
complex factors that affect the efficacy of chemotherapy, a
treatment recommendation system based on deep learning may
suggest the appropriate treatment for each individual.

To conclude, this study evaluated and compared the
performance of two deep learning-based algorithms and two
conventional methods for predicting overall survival in patients
with chondrosarcoma. Overall, deep learning algorithms showed
excellent discriminating capabilities, calibration, and stability in
survival prediction. DeepSurv performed best in terms of
discrimination and model calibration and was incorporated
into a web-based application for clinical use. Further extension
of the models developed in this work—considering specific
aspects such as prognostic biomarkers, and image data—is
necessary for future studies in order to encourage their
widespread use in orthopedic oncology clinics for customized
treatment planning and monitoring.

Data availability statement

Publicly available datasets were analyzed in this study. This
data can be found here: https://seer.cancer.gov/.

Ethics statement

Because the SEER database is a publicly available database of
de-identified patient data, no ethics committee review was
required for its use in this project.

Author contributions

YW, JC, and LY contributed to the conception and design of
the study. LY organized the database. LY and NG performed the

References

1. Cranmer LD, Chau B, Mantilla JG, Loggers ET, Pollack SM, Kim TS, et al. Is
chemotherapy associated with improved overall survival in patients with
dedifferentiated chondrosarcoma? A SEER Database Anal Clin Orthop Relat Res
(2022) 480:748-58. doi: 10.1097/CORR.000000000000201 1

2. Lyskjaer 1, Davies C, Strobl AC, Hindley ], James S, Lalam RK, et al.
Circulating tumour DNA is a promising biomarker for risk stratification of
central chondrosarcoma with IDH1/2 and GNAS mutations. Mol Oncol (2021)
15:3679-90. doi: 10.1002/1878-0261.13102

3. Angelini A, Guerra G, Mavrogenis AF, Pala E, Picci P, Ruggieri P. Clinical
outcome of central conventional chondrosarcoma. J Surg Oncol (2012) 106:929-37.
doi: 10.1002/js0.23173

4. Amer KM, Munn M, Congiusta D, Abraham JA, Basu Mallick A. Survival
and prognosis of chondrosarcoma subtypes: SEER database analysis. ] Orthop Res
(2020) 38:311-9. doi: 10.1002/jor.24463

5. Thio QCBS, Karhade AV, Ogink PT, Raskin KA, De Amorim Bernstein K,
Lozano Calderon SA, et al. Can machine-learning techniques be used for 5-year

Frontiers in Oncology

12

10.3389/fonc.2022.967758

statistical analysis. LY, FA, YK, and YZ wrote the first draft of the
manuscript. All authors contributed to manuscript revision,
read, and approved the submitted version. The first two
authors contributed equally to this work. The last two authors
contributed equally to this work.

Funding

This study was supported by the National Key R&D
Program of China (2020YFC2006004-05).

Conflict of interest

The 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.

Publisher’s note

All claims expressed in this article are solely those of the
authors and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed
or endorsed by the publisher.

Supplementary material

The Supplementary Material for this article can be found
online at: https://www.frontiersin.org/articles/10.3389/fonc.
2022.967758/full#supplementary-material

survival prediction of patients with chondrosarcoma? Clin Orthop Relat Res
(2018) 476:2040-8. doi: 10.1097/CORR.0000000000000433

6. Song K, Shi X, Wang H, Zou F, Lu F, Ma X, et al. Can a nomogram help to
predict the overall and cancer-specific survival of patients with chondrosarcoma?
Clin Orthop Relat Res (2018) 476:987-96. doi: 10.1007/s11999.0000000000000152

7. DongY, Xie L, Kang H, Peng R, Guo Q, Song K, et al. A competing risk-based
prognostic model to predict cancer-specific death of patients with spinal and pelvic
chondrosarcoma. Spine (Phila Pa 1976) (2021) 46:E1192-201. doi: 10.1097/
BRS.0000000000004073

8. Wu X, Wang Y, Sun W, Tan M. Prognostic factors and a nomogram
predicting overall survival in patients with limb chondrosarcomas: A population-
based study. BioMed Res Int (2021) 2021:4510423. doi: 10.1155/2021/4510423

9. Bongers MER, Karhade AV, Setola E, Gambarotti M, Groot OQ, Erdogan KE,
et al. How does the skeletal oncology research group algorithm's prediction of 5-year

survival in patients with chondrosarcoma perform on international validation? Clin
Orthop Relat Res (2020) 478:2300-8. doi: 10.1097/CORR.0000000000001305

frontiersin.org


https://seer.cancer.gov/
https://www.frontiersin.org/articles/10.3389/fonc.2022.967758/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fonc.2022.967758/full#supplementary-material
https://doi.org/10.1097/CORR.0000000000002011
https://doi.org/10.1002/1878-0261.13102
https://doi.org/10.1002/jso.23173
https://doi.org/10.1002/jor.24463
https://doi.org/10.1097/CORR.0000000000000433
https://doi.org/10.1007/s11999.0000000000000152
https://doi.org/10.1097/BRS.0000000000004073
https://doi.org/10.1097/BRS.0000000000004073
https://doi.org/10.1155/2021/4510423
https://doi.org/10.1097/CORR.0000000000001305
https://doi.org/10.3389/fonc.2022.967758
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Yan et al.

10. Bongers MER, Thio QCBS, Karhade AV, Stor ML, Raskin KA, Lozano
Calderon SA, et al. Does the SORG algorithm predict 5-year survival in patients
with chondrosarcoma? an external validation. Clin Orthop Relat Res (2019)
477:2296-303. doi: 10.1097/CORR.0000000000000748

11. Kvamme H, Borgan @., Scheel I. Time-to-event prediction with neural
networks and cox regression. arXiv (2019) 20(129).

12. Katzman JL, Shaham U, Cloninger A, Bates J, Jiang T, Kluger Y. DeepSurv:
personalized treatment recommender system using a cox proportional hazards
deep neural network. BMC Med Res Method (2018) 18:1-12. doi: 10.1186/s12874-
018-0482-1

13. Lee C, Light A, Alaa A, Thurtle D, van der Schaar M, Gnanapragasam VJ.
Application of a novel machine learning framework for predicting non-metastatic
prostate cancer-specific mortality in men using the surveillance, epidemiology, and
end results (SEER) database. Lancet Digit Health (2021) 3:¢158-65. doi: 10.1016/
$2589-7500(20)30314-9

14. She, Jin Z, Wu ], Deng J, Zhang L, Su H, et al. Development and validation
of a deep learning model for non-small cell lung cancer survival. JAMA Netw Open
(2020) 3:¢205842. doi: 10.1001/jamanetworkopen.2020.5842

15. Yu C-N, Greiner R, Lin H-C, Baracos V. Learning patient-specific cancer
survival distributions as a sequence of dependent regressors. Adv Neural Inf Process
Syst (2011) 24:1845-53.

16. Fotso S. Deep neural networks for survival analysis based on a multi-task
framework. arXiv: Mach Learn (2018) arXiv:1801.05512.

17. Kang L, Chen W, Petrick NA, Gallas BD. Comparing two correlated ¢

indices with right-censored survival outcome: a one-shot nonparametric approach.
Stat Med (2015) 34:685-703. doi: 10.1002/sim.6370

18. Howard FM, Kochanny S, Koshy M, Spiotto M, Pearson AT. Machine
learning-guided adjuvant treatment of head and neck cancer. JAMA Netw Open
(2020) 3:62025881. doi: 10.1001/jamanetworkopen.2020.25881

19. Bruns J, Elbracht M, Niggemeyer O. Chondrosarcoma of bone: an
oncological and functional follow-up study. Ann Oncol (2001) 12:859-64. doi:
10.1023/A:1011162118869

20. Giuffrida AY, Burgueno JE, Koniaris LG, Gutierrez JC, Duncan R, Scully
SP. Chondrosarcoma in the united states (1973 to 2003): an analysis of 2890

Frontiers in Oncology

13

10.3389/fonc.2022.967758

cases from the SEER database. JBJS (2009) 91:1063-72. doi: 10.2106/
JBJS.H.00416

21. Nota SP, Braun Y, Schwab JH, van Dijk CN, Bramer JA. The identification
of prognostic factors and survival statistics of conventional central
chondrosarcoma. Sarcoma (2015) 2015:623746. doi: 10.1155/2015/623746

22. Gitto S, Cuocolo R, Annovazzi A, Anelli V, Acquasanta M, Cincotta A, et al.
CT radiomics-based machine learning classification of atypical cartilaginous
tumours and appendicular chondrosarcomas. EBioMedicine (2021) 68:103407.
doi: 10.1016/j.ebiom.2021.103407

23. Gitto S, Cuocolo R, van Langevelde K, van de Sande MA]J, Parafioriti A,
Luzzati A, et al. MRI Radiomics-based machine learning classification of atypical
cartilaginous tumour and grade II chondrosarcoma of long bones. EBioMedicine
(2022) 75:103757. doi: 10.1016/j.ebiom.2021.103757

24. Righi A, Pacheco M, Cocchi S, Asioli S, Gambarotti M, Donati DM, et al.
Secondary peripheral chondrosarcoma arising in solitary osteochondroma:
variables influencing prognosis and survival. Orphanet ] Rare Dis (2022) 17:74.
doi: 10.1186/s13023-022-02210-2

25. Ivanics T, Nelson W, Patel MS, Claasen M, Lau L, Gorgen A, et al. The
Toronto postliver transplantation hepatocellular carcinoma recurrence calculator:
A machine learning approach. Liver Transpl (2022) 28:593-602. doi: 10.1002/
1t.26332

26. Hadanny A, Shouval R, Wu J, Gale CP, Unger R, Zahger D, et al. Machine
learning-based prediction of 1-year mortality for acute coronary syndrome(%). J
Cardiol (2022) 79:342-51. doi: 10.1016/j.jjcc.2021.11.006

27. Kim B, Jang YJ, Cho HR, Kim SY, Jeong JE, Shim MK, et al. Predicting
completion of clinical trials in pregnant women: Cox proportional hazard and
neural network models. Clin Transl Sci (2022) 15:691-9. doi: 10.1111/cts.13187

28. Zhong LZ, Fang XL, Dong D, Peng H, Fang MJ, Huang CL, et al. A deep
learning MR-based radiomic nomogram may predict survival for nasopharyngeal
carcinoma patients with stage T3N1MO. Radiother Oncol (2020) 151:1-9. doi:
10.1016/j.radonc.2020.06.050

29. Han W, Qin L, Bay C, Chen X, Yu KH, Miskin N, et al. Deep transfer
learning and radiomics feature prediction of survival of patients with high-grade
gliomas. AJNR Am ] Neuroradiol (2020) 41:40-8. doi: 10.3174/ajnr.A6365

frontiersin.org


https://doi.org/10.1097/CORR.0000000000000748
https://doi.org/10.1186/s12874-018-0482-1
https://doi.org/10.1186/s12874-018-0482-1
https://doi.org/10.1016/S2589-7500(20)30314-9
https://doi.org/10.1016/S2589-7500(20)30314-9
https://doi.org/10.1001/jamanetworkopen.2020.5842
https://doi.org/10.1002/sim.6370
https://doi.org/10.1001/jamanetworkopen.2020.25881
https://doi.org/10.1023/A:1011162118869
https://doi.org/10.2106/JBJS.H.00416
https://doi.org/10.2106/JBJS.H.00416
https://doi.org/10.1155/2015/623746
https://doi.org/10.1016/j.ebiom.2021.103407
https://doi.org/10.1016/j.ebiom.2021.103757
https://doi.org/10.1186/s13023-022-02210-2
https://doi.org/10.1002/lt.26332
https://doi.org/10.1002/lt.26332
https://doi.org/10.1016/j.jjcc.2021.11.006
https://doi.org/10.1111/cts.13187
https://doi.org/10.1016/j.radonc.2020.06.050
https://doi.org/10.3174/ajnr.A6365
https://doi.org/10.3389/fonc.2022.967758
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

	Deep learning models for predicting the survival of patients with chondrosarcoma based on a surveillance, epidemiology, and end results analysis
	Introduction
	Methods
	Patient population and data collection
	Variable’s definitions
	Deep learning model design
	Feature selection
	Data preprocessing
	Model development
	Hyperparameter tuning
	Model evaluation
	Feature importance
	Model deployment
	Statistical analysis

	Results
	Basic characteristics
	Feature selection and data preprocessing
	Hyperparameter tuning
	Model comparisons
	Feature importance
	Algorithm deployment

	Discussion
	Data availability statement
	Ethics statement
	Author contributions
	Funding
	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 true
  /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 true
  /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 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /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


