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Cervical and anal carcinoma are neoplastic diseases with various intraepithelial
neoplasia stages. The underlying mechanisms for cancer initiation and
progression have not been fully revealed. DNA methylation has been shown
to be aberrantly regulated during tumorigenesis in anal and cervical carcinoma,
revealing the important roles of DNA methylation signaling as a biomarker to
distinguish cancer stages in clinics. In this research, several machine learning
methods were used to analyze the methylation profiles on anal and cervical
carcinoma samples, which were divided into three classes representing various
stages of tumor progression. Advanced feature selection methods, including
Boruta, LASSO, LightGBM, and MCFS, were used to select methylation features
that are highly correlated with cancer progression. Some methylation probes
including cg01550828 and its corresponding gene RNF168 have been reported
to be associated with human papilloma virus-related anal cancer. As for
biomarkers for cervical carcinoma, cg27012396 and its functional gene
HDAC4 were confirmed to regulate the glycolysis and survival of hypoxic
tumor cells in cervical carcinoma. Furthermore, we developed effective
classifiers for identifying various tumor stages and derived classification rules
that reflect the quantitative impact of methylation on tumorigenesis. The
current study identified methylation signals associated with the development
of cervical and anal carcinoma at qualitative and quantitative levels using
advanced machine learning methods.
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1 Introduction

Anal carcinoma is a malignant proliferative disease
associated with anal abnormalities (1). With strong sex bias
(females have higher mortality), more than 1000 people die of
anal carcinoma per year in the United States (2, 3). The risk
factors for anal carcinoma include aging, sex (more than two-
thirds of patients are women), smoking, and most importantly
human papilloma virus (HPV) infection (4, 5). Cervical
carcinoma occurs in the cervix, which is located beneath the
uterus and connects to the vagina (6). Smoking, immune
suppression caused by human immunodeficiency virus (HIV)
infection, and HPV infection are the major risk factors for
cervical carcinoma (7). Both anal carcinoma and cervical
carcinoma are malignant diseases associated with HPV
infection. However, HPV cannot directly trigger the initiation
and progression of such malignant diseases. The underlying
mechanisms for HPV-mediated cancer initiation and
progression have not been fully revealed. Therefore, for a long
time, finding potential carcinogenic mechanisms associated with
HPV infection and related biomarkers in anal and cervical
carcinoma have been one of the major challenges in this field.

DNA methylation is a common biological process that
regulates the activity of a DNA segment without changing the
sequence (8, 9). It has been shown to be abnormally regulated
during tumorigenesis in multiple cancer subtypes including anal
and cervical carcinoma (10, 11). The demethylation of oncogenic
genes and the methylation of tumor suppressors have been widely
observed in cancers (8). In anal and cervical carcinoma, a genome-
wide host methylation profiling under HIV infection revealed the
potential associations between abnormal methylation status and
anal and cervical carcinogenesis by monitoring the methylation
alteration from normal to intraepithelial neoplasm and malignant
tumorigenesis (12). Potential epigenetic markers to predict cancer
risk and drive carcinogenesis around genes such as ASCLI,
ATP10A, and CCDCS8I1 have been identified. However, the
quantitative association between biomarkers and disease risk has
not been fully established.

In the present study, the methylation data, retrieved from
Gene Expression Omnibus (GEO) database, on anal and cervical
carcinoma samples was investigated. Three stages: normal
control, intraepithelial neoplasia (also known as stage 0 of
tumorigenesis reflecting the intermediate stage), and tumor,
were included. To reveal the underlying biomarkers for
distinguishing different stages, we applied multiple machine
learning algorithms on the methylation data, which treated
methylation as features. Some essential methylation sites were
extracted, which can be latent biomarkers to distinguish different
stages. Furthermore, some quantitative rules were also
discovered for carcinogenesis monitoring, also indicating the
different methylation patterns on various stages. Finally, some
perfect classifiers were built to identify the stage of samples. All
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in all, this study provided a novel effective computational
analysis for cancer biomarker recognition and progression
monitoring on anal and cervical carcinoma.

2 Materials and methods

2.1 Data

The methylation profiling of 143 anal carcinoma samples
and 28 cervical carcinoma samples was accessed from the GEO
database under the accession number GSE186859 (12). The
three different stages of cancer were involved in the 143 anal
carcinoma samples: 9 normal samples, 13 anal intraepithelial
neoplasia-3 (AIN3) samples, and 121 tumor samples. Similarly,
the 28 cervical carcinoma samples contained 10 normal
samples, 9 cervical intraepithelial neoplasia-3 (CIN3)
samples, and 9 tumor samples. AIN3 or CIN3 is an
intermediate state between normal and tumor. The 485,512
methylation probes were extracted for each anal and cervical
carcinoma sample.

2.2 Boruta feature filtering

Because of the enormous number of original methylation
features and limited methylations related to anal or cervical
carcinomas, Boruta was employed for initial filtering (13-16).

Boruta is a random forest (RF)-based feature selection
method for confirming whether variables in the classification
are statistically superior to random variables. In a nutshell,
Boruta analysis compares all variables to random variables,
which are duplicates of the original variables by shuffling. RF
is used to evaluate the importance of all variables, including
actual and random variables. Actual variables that outperform
the best random variables are labeled as confirmed, whereas
those that do not outperform the best of the random variables
are labeled as rejected. The above procedures are repeated
numerous times, resulting in a binomial distribution for the
binary outcome (confirmed or denied) of a series of » trials. The
variables in the rejection region of the distribution were
removed, whereas those in the acceptance region are
preserved. To obtain the best classification accuracy, Boruta
selects features that are strongly and weakly important, unlike
wrapper techniques, which strive to discover a few powerfully
relevant features.

The Boruta program used in this study was obtained at
https://github.com/scikit-learn-contrib/boruta_py. It was
performed on anal and cervical carcinoma samples using
default parameters, respectively. Key methylation features for
anal and cervical carcinomas were selected for further
analysis, respectively.
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2.3 Feature ranking algorithms

With Boruta, key methylation features for anal and cervical
carcinomas can be obtained, respectively. However, they
evidently provided different roles to depict anal or cervical
carcinomas. Thus, further investigation was necessary. Here,
three feature ranking algorithms: Monte Carlo feature selection
(MCEFS) (17), light gradient boosting machine (LightGBM) (18)
and least absolute shrinkage and selection operator (LASSO)
(19), followed to uncover the importance of features selected by
Boruta. Their brief descriptions were as follows.

2.3.1 Monte Carlo feature selection

In MCES, the importance of features are determined according
to their roles in multiple decision trees (DTs) (17). This method has
been commonly used to process biological data (20-22). As part of
the current study, t classification trees are built based on m
randomly chosen methylation features and random division of
training and test samples. Such procedures are executed s times.
Consequently, sxt DTs are built, based on which a measurement,
relative importance (RI), is computed for each feature. Such
measurement is determined by how many times it has been
selected in these sxt trees and how much it contributes to
predicting the class of the sxt trees. It can be estimated as follows:

RI, =

’ Szt(wAcc)“EIG(ng(T))(w)v, M

= n(?) no.in T

where wAcc is the weighted accuracy, IG (n,(7)) is the information
gain (IG) of node n,(7) , (no.in ny(1)) is the number of samples in
node 71,(7) , and (no.in 1) is the sample sizes in the tree root. u and v
are two settled positive integers.

The MCFS program was downloaded at https://home.
ipipan.waw.pl/m.draminski/mcfs.html, which was executed
using default parameters. According to the decreasing order of
RI values, features were ranked in a list, named MCFS
feature list.

2.3.2 Light gradient boosting machine

The LightGBM algorithm uses a gradient boosting
framework, and it is an improved version of the gradient
boosting DT with the advantages of high efficiency, support
for parallelism, and large-scale data processing (18). The total
number of times each feature participated in the trees is used by
LightGBM to evaluate the importance of features. The higher the
frequency with which features are selected, the more important
they are. Based on this criterion, features can be ranked in a list
with the decreasing order of times.

In this study, we used the LightGBM program (https://
lightgbm.readthedocs.io/en/latest/), implemented by Python. It
was run under default parameters. The feature list generated by
LightGBM was called LightGBM feature list.
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2.3.3 Least absolute shrinkage and
selection operator

LASSO is a classic feature selection method (19). In this
method, L1 paradigm is used to create a penalty function that
selectively eliminates features by imposing a higher penalty on
features with higher coefficients and more prediction errors,
resulting in a model with fewer features and less overfitting. The
coefficients of input features that do not contribute favorably to
the prediction of a machine learning model are scaled down. As
a result, the coefficients of the features are used to rank features
in a list.

Here, the LASSO package collected in Scikit-learn (23) was
used. Likewise, default parameters were used. For clear
descriptions, the list yielded by LASSO was termed as LASSO
feature list.

2.4 Incremental feature selection

Based on one feature ranking algorithm, a feature list can be
obtained. However, which features are optimal for classification
is still a problem. This study adopted incremental feature
selection (IFS) method (24-28) to analyze the list and extract
optimal features for a given classification algorithm. In this
method, the feature list with »n features is first divided into n
feature subsets, with the number of features differing by 1 in
turn. Subsequently, the feature subsets and target variables are
fed into one classification algorithm to construct classifiers.
Their classification performance is evaluated through 10-fold
cross-validation (29). The optimal feature subset for one
classification algorithm is defined as the subset of features with
the highest classification performance and the classifier with the
optimal feature subset is defined as the optimal classifier.

2.5 Synthetic minority oversampling
technique

Two datasets for anal and cervical carcinomas, respectively,
were investigated in this study. As mentioned in Section 2.1, the
anal carcinoma dataset was imbalanced. In such dataset, tumor
samples were about 13 times as many as normal samples. The
classifiers directly built on such dataset would create bias. It was
necessary to tackle such problem. In this study, synthetic
minority oversampling technique (SMOTE) was adopted
(30-32).

SMOTE is an oversampling method for dealing with
imbalanced problems. It generates new samples for each
minority class until the sizes of all classes are same. The
samples of the minority class are synthesized by first selecting
one sample to serve as a seed sample and then randomly
selecting one of the k -nearest neighbors for linear
combination. The synthesis formula is as follows:
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s=x+PB(x-y), (2)
where x represents the feature vector of the seed sample, y
represents the feature vector of its randomly selected neighbor,
and B is a random value between 0 and 1. In this study, the
SMOTE program downloaded from https://github.com/
scikitlearn-contrib/imbalanced-learn was used. Default
parameters were adopted to execute this program.

2.6 Classification algorithm

To execute IFS method, one classification algorithm was
necessary. Two classic classification algorithms: RF (33) and DT
(34), were attempted in this study as they are widely used in
dealing with biological and medical problems (35-40). The
below text gave the brief descriptions on these two algorithms.

RF is one of the most classic and powerful classification
algorithms in machine learning. In fact, it is an ensemble
algorithm containing multiple DTs. To construct each DT,
samples are randomly selected, with replacement, from the
original dataset and the selected sample number is equal to the
number of samples in the original dataset. Furthermore, features are
also randomly chosen from all features. RF integrates constructed
DTs with majority voting. It is quite interesting that although DT is
quite weak, RF is much more powerful and can avoid overfitting.
Thus, it was adopted in this study to construct efficient classifiers.

Above-mentioned RF is generally much stronger than DT.
However, it also loses the merits of its component DT. It is
widely accepted that DT is a white-box algorithm, which means
that its decision-making process is completely open. This makes
it possible for us to understand the principle of DT. For the
problems investigated in this study, DT can help us uncover
essential methylation differences on three stages of anal and
cervical carcinomas, thereby improving our comprehension on
these two carcinomas. Generally, DT is a tree-like structure.
There are two node types in this structure. One is branch node,
which is in charge of determining which branch a test sample
goes through down. The other is leaf node, which determines the
class of the test sample reaching the leaf node. Besides, DT can
also be represented by a set of classification rules. Each rule is
generated by a path from the root to one leaf node. The
investigation of these rules can uncover the different patterns
of various stages of anal and cervical carcinomas.

To quickly implement DT and RF, related packages in Scikit-
learn (23) were employed. These packages were executed using
default parameters.

2.7 Performance evaluation

The weighted F1 was adopted to assess the overall
performance of classifiers. To calculate such measurement, the
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F1 score on each class should be calculated first, which is defined
as

2 x TP;

T s (3)
2 x TP; + FP; + FN;

F1 score; =

where TP; is the true positive for the i-th class, FP; and FN; stand
for the false positive and false negative for the i-th class. The
weighted F1 is defined as the weighted mean of F1 scores on all
classes. On the other hand, the direct mean of F1 scores on all
classes defines another measurement, macro F1, which was also
provided in this study.

Moreover, the accuracy (ACC) and Matthew correlation
coefficients (MCC) (41) were also used in this study. ACC is
the most classic measurement, which is defined as the
proportion of correctly predicted samples. MCC is much more
perfect than ACC when the class sizes are quite different. To
compute the MCC, two binary matrices X and Y should be
constructed in advance, where X and Y stores the true and
predicted class of each sample, respectively. Then, MCC can be
calculated by

cov(X,Y)
cov(X, X)cov(Y,Y)

MCC = (4)

3 Results

In the present study, we developed a robust computational
pipeline, which combined several machine learning algorithms.
The entire procedures are illustrated in Figure 1. The detailed
results were listed as below.

3.1 Results of Boruta and feature
ranking algorithms

As lots of methylation features were used to represent each
sample. Boruta was adopted for preliminary feature filtering. On
anal carcinoma dataset, 571 methylation features were selected
by Boruta, whereas 26 features were selected on the cervical
carcinoma dataset. The selected features on two datasets are
provided in Supplementary Table S1.

Subsequently, three feature ranking algorithms were
used on both datasets to rank the filtered features by their
importance. On each dataset, three feature lists were
obtained, which are available in Supplementary Table S1.
On the anal carcinoma dataset, three features were
assigned RI values 0 by MCFES method. Thus, they were
removed from the MCEFS feature list. Furthermore, a
biological analysis of how the top-ranked features
affected the development of anal or cervical carcinomas
would be given in Section 4.1.
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/ Anal carcinoma dataset \ / Cervical carcinoma dataset \
485512 methylation probes 485512 methylation probes
Featurel |Feature2| ...... Featurel Feature2| ......
9 normal 10 normal
Samplel 0 CING Samplel
13 AIN3 Sample2 Sample2
121 tumor 9 tumor
[ Boruta ]
\4 Y A4
. McFs | | LightGBM | | LASSO |
A\ 4 \ 4 \ 4
[ MCFS ’ ‘ LightGBM ’ ‘ LASSO ]
feature list feature list feature list
/ Incremental feature selection \
Classifiers Classifier
assessment
Decision tree Random forest
10-fold
\ SMOTE cross-validation
Results
Essential . . . .
. . . Efficient classifiers Classification rules
methylation signaling
FIGURE 1

Flow chart of the entire analysis process. The 485,512 methylation probes in the anal or cervical carcinoma dataset are filtered by Boruta and
ranked according to feature importance by using three feature ranking algorithms, namely, MCFS, LightGBM, and LASSO. Afterward, each of
three feature lists is fed into the incremental feature selection (IFS) computational framework containing two efficient classification algorithms
(decision tree, random forest) to extract essential methylations, construct efficient classifiers and classification rules.
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3.2 Results of IFS method

Based on the three feature lists on each dataset, IFS method was
executed using RF or DT as the classification algorithm. All possible
feature subsets were constructed and RF or DT dlassifier was built on
each of them, which was evaluated by 10-fold cross-validation. The
cross-validation results are provided in Supplementary Table S2.

On the anal carcinoma dataset, the performance of classifiers,
measured by weighted F1, was illustrated by six IFS curves, as
shown in Figure 2A, in which weighed F1 was set as Y-axis and
number of features was defined as X-axis. When DT was used in the
IFS method, the highest weighted F1 values on the LASSO, MCFS
and LightGBM feature lists, were all 0.993. Such performance was
obtained by using top 215, 17 and 6 features in three feature lists,
respectively. These features also comprised the optimal feature
subsets for DT, on which three optimal DT classifiers were
constructed. Their overall performance, measured by ACC, MCC
and Macro Fl, is listed in Table 1. Interestingly, their performance
was same with ACC of 0.993, MCC of 0.975 and macro F1 of 0.981.
Furthermore, the performance (F1 score) of these three DT optimal
classifiers on three stages (normal, AIN3 and tumor) is shown in
Figure 3A. The three classifiers also provided equal performance on
three stages (0.947 on normal, 1.000 on AIN3 and 0.996 on tumor).
Above results indicated the good performance of three optimal DT
classifiers. As for the IFS results with RF, three curves were also
plotted, as shown in Figure 2A. RF provided the perfect
performance (weighted F1 = 1) on all three feature lists when top
13, 15 and 5 features in the LASSO, MCES and LightGBM lists,
respectively, were used. These features constituted the optimal
feature subsets for RF on different lists. Accordingly, three
optimal RF classifiers were set up with the optimal feature
subsets. The ACC, MCC and macro F1 values of these classifiers
are listed in Table 1 and their performance on three classes is shown
in Figure 3A. All measurements were equal to 1.000, also suggesting
the perfect performance of three optimal RF classifiers.

On the cervical carcinoma dataset, the same IFS procedure
was conducted. Three curves for DT and RF, respective, are
plotted, as shown in Figure 2B. For IES results with DT, the
highest weighted F1 on the MCFS feature list was 1.000 and it
was 0.964 on other two lists. The optimal feature subsets were
constructed by picking up top 19, 4 and 18 features in the
LASSO, MCEFS and LightGBM lists, respectively. On these
feature subsets, three optimal DT classifiers were set up. Their
ACC, MCC and macro F1 values are listed in Table 2. Clearly,
the optimal DT classifier on MCES feature list provided perfect
values on three measurements and the other two classifiers gave
lower performance with ACC of 0.964, MCC of 0.948 and macro
FI of 0.965. Their performance (F1 score) on three stages
(normal, CIN3 and tumor) is illustrated in Figure 3B. Again,
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the optimal DT classifier on MCFS feature list provided the
perfect performance on all three stages and the other two
classifiers yielded the same performance on three stages (0.952
on normal, 0.941 on CIN3 and 1.000 on tumor). Evidently, all
three optimal DT classifiers generated perfect or nearly perfect
performance. As for IFS results with RF, when top 5, 4, and 19
features in the LASSO, LightGBM and MCES lists were adopted,
RF produced perfect performance. The optimal feature subsets
were constructed using these features and three optimal RF
classifiers were built with them. These classifiers also provided
perfect performance measured by other measurements (Table 2
and Figure 3B).

With the above IFS results, the optimal RF classifiers
generally provided better performance than the optimal DT
classifiers. All optimal RF classifiers yielded perfect performance,
suggesting that they can be efficient tools to classify anal or
cervical carcinoma samples.

3.3 Classification rules

One of the main purposes of this study was to depict the
methylation patterns for two carcinomas on different stages. On
anal carcinoma dataset, the top features in the LightGBM feature
list were selected as they yielded the highest performance and
they were least. The DT was applied on all anal carcinoma
samples represented by these five features, yielding four rules, as
listed in Table 3. Two rules were for identifying tumor samples
and one rule was for predicting AIN3 and normal samples,
respectively. Similarly, on the cervical carcinoma dataset, we
selected the top four features in the MCEFS feature list to
construct the classification rules. Three rules were generated,
as shown in Table 4. Each stage was assigned one rule. These
rules would be discussed in detail in Section 4.2.

4 Discussion

By employing multiple machine learning algorithms,
methylation datasets on anal and cervical carcinomas were deeply
analyzed. Three feature lists, generated by three feature ranking
algorithms, were obtained for each dataset. The methylation
features with high ranks in three lists may be essential for two
carcinomas, which can be novel methylation biomarkers associated
with carcinoma progression from normal to precancerous lesions
and from precancerous lesions to malignant cancer in anal and
cervical carcinomas. Some of them were discussed in this section.
Furthermore, some rules were set up for anal and cervical
carcinomas, respectively. They were also discussed in the section.
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FIGURE 2

IFS curves to show the performance (weighted F1) of decision tree (DT) and random forest (RF) under different feature subsets in the anal and
cervical carcinoma datasets. (A) IFS curves for the anal carcinoma dataset. (B) IFS curves for the cervical carcinoma dataset.
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TABLE 1 Performance of the optimal classifiers on anal carcinoma dataset.

10.3389/fonc.2022.998032

Feature ranking algorithm  Classification algorithm  Number of features ACC  MCC  Macro F1 =~ Weighted F1
MCFS DT 17 0.993 0.975 0.981 0.993
RF 15 1.000 1.000 1.000 1.000
LightGBM DT 6 0.993 0.975 0.981 0.993
RF 5 1.000 1.000 1.000 1.000
LASSO DT 215 0.993 0.975 0.981 0.993
RF 13 1.000 1.000 1.000 1.000
A 1.000 1.0001.0001.000 1.000 1.0001.0001.000 1.000 1.0001.0001.000
1.000 1 0.996 0.996 0.996
0.990 A
0.980 A
0.970 A
2
o
3 0.960 4
= 0.950 { 0.947
0.940 A
0.930 A
0.920 -
DT RF DT RF DT RF
LASSO MCFS LightGBM
ENormal ®AIN3 = Tumor
B 000 1000 1.0001.0001.000  1.0001.0001.000  1.0001.0001.000 1,000 1.0001.0001.000
0.990
0.980
0.970
=
£ 0.960
2
= 0.950
0.940
0.930
0.920
0.910
DT RF DT RF DT RF
LASSO MCFS LightGBM
® Normal ®CIN3 = Tumor
FIGURE 3

Performance of the optimal classifiers on three stages for anal or cervical carcinoma datasets. (A) Performance on the anal carcinoma dataset.
(B) Performance on the cervical carcinoma dataset.
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TABLE 2 Performance of the optimal classifiers on cervical carcinoma dataset.

Feature ranking algorithm  Classification algorithm

MCES DT
RF
LightGBM DT
RF
LASSO DT
RF

4.1 Methylation biomarkers for anal and
cervical carcinoma

The first methylation marker for anal carcinoma is ¢g23197559,
near functional gene PTMA. According to recent publications, no
direct reports confirm the association between PTMA and anal
carcinoma. However, a recent study confirmed that in anal cancer
and esophageal carcinoma, the methylation of a calcium-binding
protein, S100A7, and PTMA has been shown to have specific
methylation-mediated protein overexpression, validating the
specific role of PTMA-related methylation alteration during anal
carcinoma (42). The next probe cg07713411 is near gene MGA.
MGA has been widely reported to be associated with tumor
invasion (43) and progression (44). MGA has also been reported
to contribute to MYC-mediated pathway in colorectal cancer cell
lines. Considering the similarities between colorectal cancer and
anal carcinoma, such gene regulated by our predicted methylation
marker may also participate in the regulation of anal carcinoma,
validating our prediction (44). The next probe cg25578064 regulates
gene SFRS6, which is also a key driver gene for multiple
gastrointestinal cancer subtypes (45), although it has no direct
link with anal cancer. No functional genes were annotated around
probe cg18954144 but the CpG site has been reported to be a
typical signature for cancer overall survival (46), indicating that
such probe may also be valuable for anal carcinoma monitoring.
The final biomarker probe cg01550828 regulates a functional gene
RNF168, encoding a ring finger protein. RNF168 has been selected
as a candidate associated with HPV-related anal cancer (47),
validating the efficacy and accuracy of our prediction.

As for biomarkers for cervical carcinoma, the first probe
cg10417457 has been listed as a functional probe for cancer status
monitoring according to a recent patent describing a systematic
method to monitor cancer status established on 126 tumors (48).
Therefore, such probe may also be functional to monitor cervical

TABLE 3 Classification rules on anal carcinoma.

Number of features ACC  MCC  Macro F1 =~ Weighted F1
4 1.000 1.000 1.000 1.000
4 1.000 1.000 1.000 1.000
18 0.964 0.948 0.965 0.964
19 1.000 1.000 1.000 1.000
19 0.964 0.948 0.965 0.964
5 1.000 1.000 1.000 1.000

carcinoma. No reports associated with cg02871554 have been
found. As for the probe cg27012396 near a functional gene
HDAC4, various publications have confirmed that HDAC4
regulates the glycolysis and survival of hypoxic tumor cells in
cervical carcinoma (49-51). Therefore, it is reasonable for us to
predict that such probe may be a biomarker for cervical carcinoma.
The next biomarker is c¢g05713971 near an effective gene called
HERPUDI Antineoplastic activity has been shown to be associated
with gene HERPUDI and further related to human cervical
carcinoma according to a recent in vitro experiment (52). Such
gene has also been detected to be regulated by functional microRNA
miR-375 and further contributes to HPV-positive cervical cancer,
validating our prediction (53).

4.2 Quantitative rules for anal and
cervical carcinoma

For monitoring the status of anal carcinoma, three rules for
recognizing three different clusters separately include the
functional probes cg01550828 and cg18954144, both of which
are associated with anal tumorigenesis as we have discussed
above. According to our rules, a higher methylation level of
cg01550828 and a lower methylation level of cgl8954144
indicate a pathogenic status of anal carcinoma, consistent with
previous studies (46, 47). Interestingly, we also identified lower
methylation of cg01550828, associated with gene RNF168 as a
biomarker for pathogenesis of intermediate status (precancerous
lesions/intraepithelial neoplasia), providing a novel approach for
predicting the precancerous lesion stage. As we have discussed
above, all the top rules are established based on our qualitative
biomarkers, indicating the consistency between different
machine learning models and validating the efficacy and
accuracy of our prediction.

Index Condition Result
Rule 1 (cg01550828>0.0817) and (cg18954144>0.8291) Tumor
Rule 2 ¢g01550828 < 0.0817 AIN3
Rule 3 (cg01550828>0.0817) and (cg18954144 < 0.8291) and (cg01550828>0.4363) Normal
Rule 4 (cg01550828>0.0817) and (cg18954144 < 0.8291) and (cg01550828 < 0.4363) Tumor
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TABLE 4 Classification rules on cervical carcinoma.

Index Condition Result
Rule 1 cgl0417457 < 0.4173 Normal
Rule 2 (cg10417457>0.4173) and (cg02871554>0.6087) CIN3
Rule 3 (cg10417457>0.4173) and (cg02871554 < 0.6087) Tumor

For monitoring the status of cervical carcinoma, the top
rules for normal control, precancerous lesion, and tumorigenesis
prediction include the same group of features: cgl0417457
and cg02871554. Although no direct association between
cg02871554 and tumors has been recognized, cgl0417457 has
been validated to be an effective cancer-associated biomarker.
Therefore, it is reasonable for our rules to summarize that a
higher methylation of such probe may indicate a malignant
change of cervical tissues. Further annotation on cg02871554
may be needed to explain its capacity for distinguishing

precancerous lesions from malignant cancers.

5 Conclusion

In the present study, efficient feature selection algorithms,
namely, Boruta, MCFS, LightGBM, and LASSO, were used to
identify methylation signals associated with anal and cervical
tumorigenesis. Subsequently, advanced machine learning
algorithms were used to evaluate the performance of the filtered
features for distinguishing different stages of anal or cervical
carcinomas. Moreover, a DT was built to mine the classification
rules for anal and cervical tumorigenesis. Taken together, this study
provided a novel analysis to recognize key methylations for anal and
cervical tumorigenesis qualitatively and quantitatively. The
identified biomarkers and rules not only established an accurate
and effective guideline for cancer differential diagnosis and
progression stage monitoring, but also revealed potential
mechanisms for the initiation and progression of anal and
cervical tumorigenesis, indicating the specific roles of some
methylations during the pathogenesis of these two diseases.

Data availability statement

Publicly available datasets were analyzed in this study. This
data can be found here: https://www.ncbi.nlm.nih.gov/geo/
query/acc.cgi?acc=GSE186859.

Frontiers in Oncology

10

10.3389/fonc.2022.998032

Author contributions

TH and Y-DC designed the study. FJ and FH performed the
experiments. FJ, FH and Y-HZ analyzed the results. FJ] and FH
wrote the manuscript. All authors contributed to the article and
approved the submitted version.

Funding

This work was supported by the Strategic Priority Research
Program of Chinese Academy of Sciences [XDA26040304,
XDB38050200], the Fund of the Key Laboratory of Tissue
Microenvironment and Tumor of Chinese Academy of
Sciences [202002].

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.2022.998032/full#supplementary-material

SUPPLEMENTARY TABLE 1
Feature lists yielded by MCFS, LightGBM, and LASSO on cervical and anal
carcinoma datasets

SUPPLEMENTARY TABLE 2

Performance of DT and RF classifiers by applying IFS methods on feature
lists yielded by MCFS, LightGBM, and LASSO on the cervical and anal
carcinoma datasets.

frontiersin.org


https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE186859
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE186859
https://www.frontiersin.org/articles/10.3389/fonc.2022.998032/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fonc.2022.998032/full#supplementary-material
https://doi.org/10.3389/fonc.2022.998032
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Jian et al.

References

1. Engstrom PF, Arnoletti JP, Benson AB, Berlin JD, Berry JM, Chen Y-J, et al.
Anal carcinoma. ] Natl Compr Cancer Network (2010) 8:106-20. doi: 10.6004/
jncen.2010.0007

2. Lee GC, Kunitake H, Milch H, Savitt LR, Stafford C, Bordeianou LG, et al.
What is the risk of anal carcinoma in patients with anal intraepithelial neoplasia
1I1? Dis Colon Rectum (2018) 61:1350. doi: 10.1097/DCR.0000000000001219

3. Dona MG, Giuliani M, Rollo F, Vescio MF, Benevolo M, Giglio A, et al.
Incidence and clearance of anal high-risk human papillomavirus infection and
their risk factors in men who have sex with men living with HIV. Sci Rep (2022)
12:184. doi: 10.1038/s41598-021-03913-5

4. Somia IKA, Teeratakulpisarn N, Jeo WS, Yee IA, Pankam T, Nonenoy S, et al.
Prevalence of and risk factors for anal high-risk HPV among HIV-negative and
HIV-positive MSM and transgender women in three countries at south-East Asia.
Medicine (2018) 97:¢9898. doi: 10.1097/MD.0000000000009898

5. Lerman J, Hennequin C, Etienney I, Abramowitz L, Goujon G, Gornet J-M,
et al. Impact of tobacco smoking on the patient's outcome after (chemo)
radiotherapy for anal cancer. Eur J Cancer (2020) 141:143-51. doi: 10.1016/
j.€jca.2020.09.039

6. Devine C, Viswanathan C, Faria S, Marcal L, Sagebiel TL. Imaging and
staging of cervical cancer. Seminars in ultrasound, CT and MRI. (2019), 40: 280-6.
doi: 10.1053/j.5ult.2019.03.001

7. Barukéi¢ 1. Human papillomavirus-the cause of human cervical cancer. J
Biosci Medicines (2018) 6:106. doi: 10.4236/jbm.2018.64009

8. Koch A, Joosten SC, Feng Z, De Ruijter TC, Draht MX, Melotte V, et al.
Analysis of DNA methylation in cancer: location revisited. Nat Rev Clin Oncol
(2018) 15:459-66. doi: 10.1038/s41571-018-0004-4

9. Pfeifer GP. Defining driver DNA methylation changes in human cancer. Int |
Mol Sci (2018) 19:1166. doi: 10.3390/ijms19041166

10. Zhu H, Zhu H, Tian M, Wang D, He ], Xu T. DNA Methylation and
hydroxymethylation in cervical cancer: diagnosis, prognosis and treatment. Front
Genet (2020) 11:347. doi: 10.3389/fgene.2020.00347

11. Van Der Zee RP, Van Noesel CJ, Martin [, Ter Braak TJ, Heideman DA, De
Vries HJ, et al. DNA Methylation markers have universal prognostic value for anal
cancer risk in HIV-negative and HIV-positive individuals. Mol Oncol (2021)
15:3024-36. doi: 10.1002/1878-0261.12926

12. Siegel EM, Ajidahun A, Berglund A, Guerrero W, Eschrich S, Putney RM,
et al. Genome-wide host methylation profiling of anal and cervical carcinoma. PloS
One (2021) 16:¢0260857. doi: 10.1371/journal.pone.0260857

13. Kursa MB, Rudnicki WR. Feature selection with the boruta package. J Stat
Softw (2010) 36:1-13. doi: 10.18637/jss.v036.i11

14. Huang F, Chen L, Guo W, Zhou X, Feng K, Huang T, et al. Identifying
COVID-19 severity-related SARS-CoV-2 mutation using a machine learning
method. Life (2022) 12:806. doi: 10.3390/life12060806

15. Li Z, Huang F, Chen L, Huang T, Cai Y-D. Identifying In vitro cultured
human hepatocytes markers with machine learning methods based on single-cell
RNA-seq data. Front Bioeng Biotechnol (2022) 10:916309. doi: 10.3389/
fbioe.2022.916309

16. Zhou X, Ding S, Wang D, Chen L, Feng K, Huang T, et al. Identification of
cell markers and their expression patterns in skin based on single-cell RNA-
sequencing profiles. Life (2022) 12:550. doi: 10.3390/1ife12040550

17. Micha D, Rada-Iglesias A, Enroth S, Wadelius C, Koronacki J, Komorowski,
et al. Monte Carlo Feature selection for supervised classification. Bioinformatics
(2008) 24:110-7. doi: 10.1093/bioinformatics/btm486

18. Ke G, Meng Q, Finley T, Wang T, Chen W, Ma W, et al. Lightgbm: A highly
efficient gradient boosting decision tree. Adv Neural Inf Process Syst (2017)
30:3146-54.

19. Tibshirani RJ. Regression shrinkage and selection via the LASSO. J R Stat
Soc Ser B: Methodological (1996) 73:273-82. doi: 10.1111/j.1467-9868.2011.00771.x

20. Chen L, Li J, Zhang YH, Feng K, Wang S, Zhang Y, et al. Identification of
gene expression signatures across different types of neural stem cells with the
Monte-Carlo feature selection method. J Cell Biochem (2018) 119:3394-403. doi:
10.1002/jcb.26507

21. Chen X, Jin Y, Feng Y. Evaluation of plasma extracellular vesicle MicroRNA
signatures for lung adenocarcinoma and granuloma with Monte-Carlo feature
selection method. Front Genet (2019) 10:367. doi: 10.3389/fgene.2019.00367

22. LiJ, Lu L, Zhang YH, Xu Y, Liu M, Feng K, et al. Identification of leukemia
stem cell expression signatures through Monte Carlo feature selection strategy and
support vector machine. Cancer Gene Ther (2020) 27:56-69. doi: 10.1038/s41417-
019-0105-y

Frontiers in Oncology

10.3389/fonc.2022.998032

23. Pedregosa F, Varoquaux G, Gramfort A, Michel V, Thirion B, Grisel O, et al.
Scikit-learn: Machine learning in Python. ] Mach Learn Res (2011) 12:2825-30.

24. Liu H, Setiono R. Incremental feature selection. Appl Intell (1998) 9:217-30.
doi: 10.1023/A:1008363719778

25. Zhao X, Chen L, Lu J. A similarity-based method for prediction of drug side
effects with heterogeneous information. Math Biosci (2018) 306:136-44. doi:
10.1016/j.mbs.2018.09.010

26. Zhang YH, Li Z, Zeng T, Pan X, Chen L, Liu D, et al. Distinguishing
glioblastoma subtypes by methylation signatures. Front Genet (2020) 11:604336.
doi: 10.3389/fgene.2020.604336

27. Chen L, Li Z, Zhang S, Zhang Y-H, Huang T, Cai Y-D. Predicting RNA 5-
methylcytosine sites by using essential sequence features and distributions. BioMed
Res Int (2022) 2022:4035462. doi: 10.1155/2022/4035462

28. Ding S, Wang D, Zhou X, Chen L, Feng K, Xu X, et al. Predicting heart cell
types by using transcriptome profiles and a machine learning method. Life (2022)
12:228. doi: 10.3390/1ife12020228

29. Kohavi R. "A study of cross-validation and bootstrap for accuracy estimation and
model selection”. In: International joint conference on artificial intelligence. (San
Francisco, CA, United States: Morgan Kaufmann Publishers Inc.) 1995 p. 1137-45.

30. Chawla NV, Bowyer KW, Hall LO, Kegelmeyer WP. SMOTE: Synthetic
minority over-sampling technique. J Artif Intell Res (2002) 16:321-57. doi: 10.1613/
jair.953

31. Zhang X, Chen L, Guo Z-H, Liang H. Identification of human membrane
protein types by incorporating network embedding methods. IEEE Access (2019)
7:140794-805. doi: 10.1109/ACCESS.2019.2944177

32. Pan X, Chen L, Liu I, Niu Z, Huang T, Cai YD. Identifying protein
subcellular locations with embeddings-based node2loc. IEEE/ACM Trans
Comput Biol Bioinform (2021) 19:666-75. doi: 10.1109/TCBB.2021.3080386

33. Breiman L. Random forests. Mach Learn (2001) 45:5-32. doi: 10.1023/
A:1010933404324

34. Safavian SR, Landgrebe D. A survey of decision tree classifier methodology.
IEEE Trans syst man cybern (1991) 21:660-74. doi: 10.1109/21.97458

35. Chen L, Li Z, Zeng T, Zhang YH, Feng K, Huang T, et al. Identifying
COVID-19-Specific transcriptomic biomarkers with machine learning methods.
BioMed Res Int (2021) 2021:9939134. doi: 10.1155/2021/9939134

36. Onesime M, Yang Z, Dai Q. Genomic island prediction via chi-square test
and random forest algorithm. Comput Math Methods Med (2021) 2021:9969751.
doi: 10.1155/2021/9969751

37. Zhang Y-H, Zeng T, Chen L, Huang T, Cai Y-D. Determining protein—
protein functional associations by functional rules based on gene ontology and
KEGG pathway. Biochim Biophys Acta (BBA) - Proteins Proteomics (2021)
1869:140621. doi: 10.1016/j.bbapap.2021.140621

38. Ran B, Chen L, Li M, Han Y, Dai Q. Drug-drug interactions prediction using
fingerprint only. Comput Math Methods Med (2022) 2022:7818480. doi: 10.1155/
2022/7818480

39. Tang S, Chen L. iATC-NFMLP: Identifying classes of anatomical
therapeutic chemicals based on drug networks, fingerprints and multilayer
perceptron. Curr Bioinf (2022). doi: 10.2174/1574893617666220318093000

40. Yang Y, Chen L. Identification of drug-disease associations by using
multiple drug and disease networks. Curr Bioinf (2022) 17:48-59. doi: 10.2174/
1574893616666210825115406

41. Gorodkin J. Comparing two K-category assignments by a K-category
correlation coefficient. Comput Biol Chem (2004) 28:367-74. doi: 10.1016/
j.compbiolchem.2004.09.006

42. Su Y-F, Chen Y-J, Tsai F-T, Li W-C, Hsu M-L, Wang D-H, et al. Current
insights into oral cancer diagnostics. Diagnostics (2021) 11:1287. doi: 10.3390/
diagnostics11071287

43. Mathsyaraja H, Catchpole J, Eastwood E, Babaeva E, Geuenich M, Cheng
PF, et al. Loss of MGA mediated polycomb repression promotes tumor progression
and invasiveness. bioRxiv (2020). doi: 10.1101/2020.10.16.334714

44. Demma M]. Targeting the oncogenic MYC pathway by miniproteins:
Understanding mechanism of action. University of Miami (2019).

45. Brim H, Abu-Asab MS, Nouraie M, Salazar J, Deleo J, Razjouyan H, et al. An
integrative CGH, MSI and candidate genes methylation analysis of colorectal
tumors. PloS One (2014) 9:¢82185. doi: 10.1371/journal.pone.0082185

46. Wang Y, Chen L, Ju L, Qian K, Wang X, Xiao Y, et al. Epigenetic signature
predicts overall survival clear cell renal cell carcinoma. Cancer Cell Int (2020)
20:564-4. doi: 10.1186/s12935-020-01640-x

frontiersin.org


https://doi.org/10.6004/jnccn.2010.0007
https://doi.org/10.6004/jnccn.2010.0007
https://doi.org/10.1097/DCR.0000000000001219
https://doi.org/10.1038/s41598-021-03913-5
https://doi.org/10.1097/MD.0000000000009898
https://doi.org/10.1016/j.ejca.2020.09.039
https://doi.org/10.1016/j.ejca.2020.09.039
https://doi.org/10.1053/j.sult.2019.03.001
https://doi.org/10.4236/jbm.2018.64009
https://doi.org/10.1038/s41571-018-0004-4
https://doi.org/10.3390/ijms19041166
https://doi.org/10.3389/fgene.2020.00347
https://doi.org/10.1002/1878-0261.12926
https://doi.org/10.1371/journal.pone.0260857
https://doi.org/10.18637/jss.v036.i11
https://doi.org/10.3390/life12060806
https://doi.org/10.3389/fbioe.2022.916309
https://doi.org/10.3389/fbioe.2022.916309
https://doi.org/10.3390/life12040550
https://doi.org/10.1093/bioinformatics/btm486
https://doi.org/10.1111/j.1467-9868.2011.00771.x
https://doi.org/10.1002/jcb.26507
https://doi.org/10.3389/fgene.2019.00367
https://doi.org/10.1038/s41417-019-0105-y
https://doi.org/10.1038/s41417-019-0105-y
https://doi.org/10.1023/A:1008363719778
https://doi.org/10.1016/j.mbs.2018.09.010
https://doi.org/10.3389/fgene.2020.604336
https://doi.org/10.1155/2022/4035462
https://doi.org/10.3390/life12020228
https://doi.org/10.1613/jair.953
https://doi.org/10.1613/jair.953
https://doi.org/10.1109/ACCESS.2019.2944177
https://doi.org/10.1109/TCBB.2021.3080386
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1109/21.97458
https://doi.org/10.1155/2021/9939134
https://doi.org/10.1155/2021/9969751
https://doi.org/10.1016/j.bbapap.2021.140621
https://doi.org/10.1155/2022/7818480
https://doi.org/10.1155/2022/7818480
https://doi.org/10.2174/1574893617666220318093000
https://doi.org/10.2174/1574893616666210825115406
https://doi.org/10.2174/1574893616666210825115406
https://doi.org/10.1016/j.compbiolchem.2004.09.006
https://doi.org/10.1016/j.compbiolchem.2004.09.006
https://doi.org/10.3390/diagnostics11071287
https://doi.org/10.3390/diagnostics11071287
https://doi.org/10.1101/2020.10.16.334714
https://doi.org/10.1371/journal.pone.0082185
https://doi.org/10.1186/s12935-020-01640-x
https://doi.org/10.3389/fonc.2022.998032
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Jian et al.

47. Szymonowicz KA, Chen J. Biological and clinical aspects of HPV-related
cancers. Cancer Biol Med (2020) 17:864. doi: 10.20892/j.issn.2095-
3941.2020.0370

48. Zhang K, Hou R, Zheng L. Method and system for determining cancer
status. In: Google Patents, Patent No 9,984,201 (2018).Zhang K, Hou R, Zheng L.
Method and system for determining cancer status. In: Google Patents, Patent No
9,984,201 (2018).

49. Yeasmin S, Nakayama K, Rahman MT, Rahman M, Ishikawa M, Katagiri A,
et al. Biological and clinical significance of NAC1 expression in cervical
carcinomas: a comparative study between squamous cell carcinomas and
adenocarcinomas/adenosquamous carcinomas. Hum Pathol (2012) 43:506-19.
doi: 10.1016/j.humpath.2011.05.021

50. Liu Y, Lu Z, Xu R, Ke Y. Comprehensive mapping of the
human papillomavirus (HPV) DNA integration sites in cervical carcinomas

Frontiers in Oncology

12

10.3389/fonc.2022.998032

by HPV capture technology. Oncotarget (2016) 7:5852. doi: 10.18632/
oncotarget.6809

51. Zhang Y, Ren Y, Guo L, Ji C, Hu J, Zhang H, et al. Nucleus accumbens-
associated protein-1 promotes glycolysis and survival of hypoxic tumor cells via
the HDAC4-HIF-1o axis. Oncogene (2017) 36:4171-81. doi: 10.1038/
onc.2017.51

52. De Souza CEA, Pires ADRA, Cardoso CR, Carlos RM, Cadena SMSC,
Acco A. Antineoplastic activity of a novel ruthenium complex against
human hepatocellular carcinoma (HepG2) and human cervical
adenocarcinoma (HeLa) cells. Heliyon (2020) 6:€03862. doi: 10.1016/
j.heliyon.2020.e03862

53. Zeng J-H, Liang X-Z, Lan H-H, Zhu X, Liang X-Y. The biological functions
of target genes in pan-cancers and cell lines were predicted by miR-375 microarray
data from GEO database and bioinformatics. PloS One (2018) 13:¢0206689. doi:
10.1371/journal.pone.0206689

frontiersin.org


https://doi.org/10.20892/j.issn.2095-3941.2020.0370
https://doi.org/10.20892/j.issn.2095-3941.2020.0370
https://doi.org/10.1016/j.humpath.2011.05.021
https://doi.org/10.18632/oncotarget.6809
https://doi.org/10.18632/oncotarget.6809
https://doi.org/10.1038/onc.2017.51
https://doi.org/10.1038/onc.2017.51
https://doi.org/10.1016/j.heliyon.2020.e03862
https://doi.org/10.1016/j.heliyon.2020.e03862
https://doi.org/10.1371/journal.pone.0206689
https://doi.org/10.3389/fonc.2022.998032
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

	Identifying anal and cervical tumorigenesis-associated methylation signaling with machine learning methods
	1 Introduction
	2 Materials and methods
	2.1 Data
	2.2 Boruta feature filtering
	2.3 Feature ranking algorithms
	2.3.1 Monte Carlo feature selection
	2.3.2 Light gradient boosting machine
	2.3.3 Least absolute shrinkage and selection operator

	2.4 Incremental feature selection
	2.5 Synthetic minority oversampling technique
	2.6 Classification algorithm
	2.7 Performance evaluation

	3 Results
	3.1 Results of Boruta and feature ranking algorithms
	3.2 Results of IFS method
	3.3 Classification rules

	4 Discussion
	4.1 Methylation biomarkers for anal and cervical carcinoma
	4.2 Quantitative rules for anal and cervical carcinoma

	5 Conclusion
	Data availability 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


