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Reliably Filter Drug-Induced Liver Injury
Literature With Natural Language
Processing and Conformal Prediction

Xianghao Zhan

Abstract— Drug-induced liver injury describes the ad-
verse effects of drugs that damage the liver. Life-
threatening results were also reported in severe cases.
Therefore, liver toxicity is an important assessment for
new drug candidates. These reports are documented in
research papers that contain preliminary in vitro and in vivo
experiments. Conventionally, data extraction from publica-
tions relies on resource-demanding manual labeling, which
restricts the efficiency of the information extraction. The de-
velopment of natural language processing techniques en-
ables the automatic processing of biomedical texts. Herein,
based on around 28,000 papers (titles and abstracts) pro-
vided by the Critical Assessment of Massive Data Analysis
challenge, this study benchmarked model performances
on filtering liver-damage-related literature. Among five text
embedding techniques, the model using term frequency-
inverse document frequency (TF-IDF) and logistic regres-
sion outperformed others with an accuracy of 0.957 on
the validation set. Furthermore, an ensemble model with
similar overall performances was developed with a logistic
regression model on the predicted probability given by sep-
arate models with different vectorization techniques. The
ensemble model achieved a high accuracy of 0.954 and
an F1 score of 0.955 in the hold-out validation data in the
challenge. Moreover, important words in positive/negative
predictions were identified via model interpretation. The
prediction reliability was quantified with conformal predic-
tion, which provides users with a control over the prediction
uncertainty. Overall, the ensemble model and TF-IDF model
reached satisfactory classification results, which can be
used by researchers to rapidly filter literature that describes
events related to liver injury induced by medications.

Index Terms—Drug-induced liver injury, natural language
processing, ensemble learning, sentence embedding,
conformal prediction.
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[. INTRODUCTION

URG-INDUCED liver injury (DILI) is defined as the
D unexpected adverse reaction of the liver to drugs. DILI
is a common and critical cause of liver injury because liver
plays a key role in drug metabolism [1]. Liver toxicity caused by
drugs can be classified into two types: intrinsic and idiosyncratic.
Intrinsic liver toxicity of drugs is more predictable and is directly
related to the dosage of a specific drug. The damage to the
liver occurs within a short time window, typically several hours
after administration of the drugs. In comparison, idiosyncratic
liver toxicity is more patient-specific and has a longer onset of
occurrence. For drugs with high lipophilicity, idiosyncratic liver
damage could be triggered even below the recommended daily
dosage [2]. The severity of DILI can be different among different
patients considering the interaction of genetic and environmental
factors [3]. Although most patients can recover from DILI, DILI
cases may lead to acute liver failure [4]. For example, the intrin-
sic liver toxicity of paracetamol, often caused by overdosing,
is reported to account for 73.7% of acute liver injury and acute
liver failure in Scotland from 1992 to 2014 [5]. Additionally,
approximately 75% of the idiosyncratic drug reactions result in
liver transplantation or death [1]. Therefore, DILI has become
one of the most common reasons that reject the promising
novel drug candidates and is strictly evaluated during the drug
development process [3].

The complex mechanism of DILI and the severity of the DILI
consequences call for a better monitoring of DILI events [3].
However, the majority of DILI reports are from clinical
practices or experimental studies in the free text of publications.
Conventionally, scientific publications need to be manually
checked and processed by researchers and pharmacists.
However, thousands of new articles are published in journals
on a daily basis, let alone millions of previous publications
on the PubMed archive, making it almost impossible for
manual inspection. Recently, the rapid development of natural
language processing (NLP) technology has enabled data mining
applications based on free text. To give some examples, long
short-term memory (LSTM) structure in recurrent neural
networks (RNN) allows the understanding of long-term
dependencies in texts [6]. Bidirectional encoder representation
from transformers (BERT) has been developed as a pre-trained
language model for understanding text information [7].
Generally, to use these learning algorithms, words are converted
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into vectors using word vectorization (embedding) techniques
like bag-of-words (BOW), term frequency-inverse document
frequency (TF-IDF), and Word2Vec. BOW is the most
straightforward word embedding method. It counts the time
that a word appears in the document. However, this leads to a
very sparse feature matrix since only a few words in the whole
vocabulary (the collection of words) will appear in the document.
As its name suggests, TF-IDF uses the term frequency and the
inverse document frequency to represent a document. It assigns
more importance to less-frequently occurring words which
might contain more meaningful information in a document. On
top of these methods, Word2Vec embedding uses a pre-trained
neural network to vectorize words to fixed-length vectors. These
techniques made it possible to process scientific publications
automatically. For example, Wang et al. constructed an NLP
model to extract clinical information to support clinical
decisions [8]. Zhan et al. used TF-IDF as the word embedding
and logistic regression to extract ICD-10 codes of common
cardiovascular disease from electronic health records [9].
Thus, it is promising to utilize NLP techniques to expedite
the labelling process of the publications with DILI results and
enable researchers to fast filter the literature.

Besides the success of individual classification models de-
veloped on different NLP text vectorization techniques, another
machine learning strategy, ensemble learning has gained success
over past decades [10]. Ensemble learning relies on a set of
models and develops a model (known as the meta learner) to
combine the different individual models (known as separate
learners) under certain rules to improve the model generaliz-
ability [10]. With the typical ensemble learning strategies such
as bagging, boosting, stacking and decision fusion, ensemble
learning makes use of the diversity across different individual
models to reduce the variance of the model, which can improve
the model’s performance on the unseen data.

In the current study, with the data from the National Institute
of Health (NIH) LiverTox database [11], the current study devel-
oped amodel to filter the DILI literature from irrelevant literature
based on the title and abstract of publications with multiple
text vectorization algorithms in NLP. This study also leveraged
the ensemble learning strategy by building a logistic regression
meta learner on the top of the predicted probability of different
separate learners (also known as the decision fusion strategy) and
compared the performance of the ensemble learning model with
that of individual models. The model showed high classification
performance and interpretable results. Finally, we quantified the
prediction reliability with the conformal prediction framework.

Il. METHODS

The dataset comprises approximately 14,000 DILI-related
papers (‘positive samples’) and approximately 14,000 papers
irrelevant to DILI (‘negative samples’). For the contest released
by the Annual International Conference on Critical Assessment
of Massive Data Analysis (CAMDA 2021), only 50% of the
positive samples (7,177) and negative samples (7,026) was
released while the remaining samples were held out for model
assessment. For the hold-out test data, which was referred to as

the hold-out test dataset 1, there are 14,211 samples with labels
masked to test the model performance on unseen data. For each
sample, there are the publication titles and/or the abstracts. The
challenge released an additional hold-out test data set with 2,000
abstracts, which was referred to as the hold-out test dataset 2.

A. Data Pre-Processing

The published data (excluding the hold-out datasets) was
partitioned into 80% training and 20% internal validation data.
Furthermore, pre-processing was carried out on the free text by
lowercasing, removing punctuation, numeric, special characters,
multiple white spaces, stop words, and finally tokenizing the
text with Gensim library on Python 3.7 [12]. Stemming was
also performed by changing the terms into their word stems (e.g.
“hepatotoxicity” to “hepatotox”) to reduce the number of distinct
terms for sake of avoiding model overfitting. Here, stemming
was regarded as a model hyperparameter tuned based on the
performance of the five-fold cross-validation on the training set.

B. Text Vectorization

To extract features from the free-text literature, several dif-
ferent text vectorization algorithms were used to transfer the
text into numerical features (i.e. word/sentence vectors): Bag-
of-words (BOW), term frequency-inverse document frequency
(TF-IDF), word2vec (W2V), and sent2vec (S2V).

Both BOW [13] and TF-IDF [14] are based on word counts.
They are among the simple word vectorization algorithms which
are widely used to classify text. As a basic word vectorization
approach, BOW enumerates the number of each term’s occur-
rences in a piece of text and uses the number of occurrences
of each term as the feature. Since the BOW relies on the
counts of all terms, the dimensionality of the features from the
extracted text equals the number of all different terms in the
training corpus. Based on the basic features extracted based on
BOW, TF-IDF further regularized the features by calculating
the ratio of term frequency (TF), which denotes the number of
term occurrences, and inverse document frequency (IDF), which
denotes the number of text samples that contain this term. As
a result, the value of a feature for a sample increases as the
number of occurrences in the text increases but decreases as the
total number of texts that include the term increases. With the
regularization, the TF-IDF algorithms emphasize the rare terms
over the entire training corpus. After applying the BOW and
TF-1DF word vectorization algorithms, the feature dimensions
were 30,753 and 42,452 with/without stemming.

Word2vec (W2V) [15] is a neural-network-based vectoriza-
tion algorithm. Without directly relying on the number of oc-
currences of distinct terms, W2V tries to create an embedding
matrix E of the term embeddings for all the terms that occurred
in the training corpus. Then, W2V optimizes the embedding
matrix E and finally when applying the embedding matrix for
downstream tasks, W2V maps the terms to their associated
embedding vectors in the embedding matrix. The embedding
matrix is the goal of optimization in the W2V training process.
The randomly initialized embedding matrix is learned with
shallow neural networks based on simple prediction tasks, such
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as the continuous bag-of-words (CBOW) and the continuous
skip-gram. In this study, two pre-trained biomedical W2V mod-
els were used: one was trained on a corpus from Wikipedia,
PubMed, and PMC (W2V1) [16], and the other was trained
on a corpus from PubMed and MIMIC-I1I (W2V2) [17]. Both
models include 16,545,452 terms with an embedding dimension
of 200. After converting each term in a text into a 200-dimension
embedding, an average of all the term embeddings was taken as
the embedding for a text.

S2V is another unsupervised sentence embedding algorithm
that allows researchers to compose sentence embeddings using
word vectors along with n-gram embeddings [18]. It simul-
taneously trains the composition and the embedding vectors.
S2V can be regarded as an extension of the word contexts from
CBOW to a larger sentence context, while the sentence words are
specifically optimized via an unsupervised objective function. In
the current study, a biomedical S2V model trained on PubMed
and MIMIC-I1I corpora with a dimensionality of 700 for a text
was examined [19].

C. Classification Model Development and Assessment

To develop the DILI literature classification model, two proto-
cols were adopted: 1) non-ensemble learning, where classifiers
were based on 80% of the training data and the four different
vectorization algorithms; 2) ensemble learning, where the 80%
training data was further partitioned into 60% data for training
separate learners and 20% data for training and hyperparameter
tuning for the meta-learner. The separate learners output the
predicted probabilities on the samples for meta-learner training
while the meta-learner aggregates the predicted probabilitiesina
logistic regression model. The rationale for developing ensemble
learning models is because the different embedding algorithms
contain much diversity as they adopted different frameworks to
compute the word vectors and document vectors and therefore
the potential of better classification performance was tested with
the ensemble learning model [10]. The diversity of the separate
learners may boost the performance of document classification
via the fusion of predicted probabilities given by different mod-
els. It is worth noting that, in the ensemble learning protocol, the
BOW model was discarded because it generally performs worse
when compared with TF-IDF while being similar to TF-IDF as
word-count-based algorithms [20]. Additionally, three different
weights were added to the positive/negative classes for the
TF-IDF/W2V/S2V models in the ensemble learning, to add
divergence and focus more on the positive cases, because in
a real-world application setting, considering the broad range of
research fields archived in PubMed, the positive case prevalence
is likely to be much lower than that in the training data.

In the development of separate learners and in the non-
ensemble learning protocol, logistic regression (LR) and random
forest (RF) models where benchmarked as the classification
algorithms. These two algorithms were applied because of their
interpretability of important features in the decision-making
process. In the meta-learner training, LR was used to reduce the
variance and avoid overfitting caused by more flexible classifiers
such as RF. The hyperparameters including the strength of L2

penalty, different class weights for LR, the number of estimators,
the number of maximum splits for RF, were fine-tuned via
five-fold grid search cross-validation on the training data, with
classification accuracy as the optimization goal. Similarly, the
hyperparameters for the meta-learner were optimized on the
20% separated training set with a five-fold cross-validation.

To evaluate the model performance, on the 20% internal
validation data partitioned from the released dataset (for which
the labels are known), the classification accuracy, the area under
the receiver operating characteristic curve (AUROC), the area
under the precision-recall curve (AUPRC), and the F1 score
were calculated. AUROC is the area under the curve in which
the x-axis denotes the false positive rate (FPR) and the y-axis
denotes the true positive rate (TPR), while AUPRC is the area
under the curve in which the x-axis denotes the recall and the
y-axis denotes the precision. AUPRC and AUROC are both
commonly used metrics in bioinformatics and cheminformatics
studies [21], [22]. The reasons why both AUROC and AUPRC
were considered in evaluating our models are: firstly, AUROC
has been a widely used metric in evaluating binary classifiers
without reliance on the decision threshold set on predicted
class probability; secondly, AUPRC was also used because it
is more sensitive to the prevalence and can better reflect model
performance in an imbalanced data set [23]. Therefore, AUPRC
and F1-score were particularly emphasized as in real-world
applications, the prevalence of the DILI-positive cases can be
much lower and the AUPRC and F1 score can be more compre-
hensive in evaluating model performance with different weights
on positive/negative cases. For the hold-out validation dataset 1
and dataset 2, the accuracy, F1 score, precision, and recall were
calculated to validate the model performance on unseen data
after the model predictions are submitted.

D. Model Robustness Test With Bootstrapping

To test the reproducibility and robustness of the model perfor-
mance and the statistical significance in the model comparison,
100 bootstrapping experiments were performed on the 80%
training data for the BOW/TF-IDF/W2V/S2V model and on the
60% training data for the ensemble learning model and the vari-
ation of the model performance metrics (AUROC, AUPRC, ac-
curacy and F1 score) was tested. To compare the computational
cost of each method, the vectorization time, modeling time (for
the classification algorithm) and the time to load the pre-trained
models were also recorded. Additionally, to test whether the
text-vectorization-based approaches perform better than the re-
cently developed transformer-based large pre-trained language
model, we tested the performance of the BioBERT (Biomedical
Bidirectional Encoder Representations from Transformers) de-
veloped by Lee et al. [24]. The latest version (BioBERT-Base
v1.2) trained with one million PubMed documents was used to
extract the text embeddings from the second last layer output
and then the prediction of DILI was done with the logistic
regression classifier on the text embeddings. The mean values
and the 95% confidence interval of the metrics were reported in
the result section. Furthermore, paired t-tests were used to test
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the statistical significance among the metrics given by different
models.

E. Prediction Reliability Analysis Using Conformal
Prediction

To quantify the uncertainty of the predictions, the conformal
prediction framework was implemented. Conformal prediction,
developed by Vladimir Vovk, assumes the data is generated
from an independent and identical distribution and calculates
the credibility and confidence level in the model inference from
a statistics aspect [25]. Simplified descriptions of conformal
prediction enough for applications can be found in the previous
articles [26], [27]. The conformal prediction framework relies on
the statistical significance on the nonconformity measurement:
a metric to quantify how well a new prediction conform to the
existing training data. Briefly, the nonconformity measurement
a; was firstly calculated with respect to each prediction label
within the training set by an previously proposed nonconformity
calculation function (details shown in [27]):
P(yilxi)  maxpyi=y, (YilXi)

> @)
where y; and X; is the label and features, respectively. In our case
of binary classification with LR as the classifier, the equation can
be simplified as:

a; =05

a = 5(yi|j(i) yi=0 ?
1 plyilxi) vi=1

where the p(yi|Xi) is prediction probability given by LR. At
the inference stage, the a for the new sample x with regards

to negative/positive label is also calculated with (2). Then the
P-value of the prediction is calculated by:

Sy Hi=

1,...,njo;Y
n

o -

where p ¥ is the P-value of the assumed label y (0/1) for the new
sample x . The credibility of prediction is defined as the larger
P-value [26]. In this study, to quantify the prediction uncer-
tainty, the credibility of each predictions made for the validation
samples were analyzed over the 100 times of bootstrapping.
The mean, median, 95% confidence interval, and quartiles of
these credibility values for correct and incorrect predictions were
reported for the TF-IDF and the ensemble model.

IIl. RESULTS

Before experiments, the data were firstly visualized to give a
better understanding of the data distribution. First, text vectors
given by TF-IDF and S2V were visualized as examples, with
the unsupervised non-linear dimensionality reduction method: t-
distributed stochastic neighbour embedding (t-SNE), which has
been shown effective in visualizing high-dimensional data [20],
[28]. The results show that the positive samples and the negative
samples cluster separately, indicating the potential feasibility of
classifying the DILI-positive samples (Fig. 1). It should be noted
that the t-SNE visualization is completely unsupervised and the

Fig. 1. The t-SNE visualization of the text vectors of the training data.
(A) TF-IDF text vector visualization; (B) S2V text vector visualization.

Classifier Vectorizer AUROC Accuracy AUPRC F1 Score

LR BOW 0.985 0.950 0.985 0.951
LR TF-IDF 0.990 0.957 0.990 0.958
LR wav1 0.979 0.939 0.979 0.940
LR w2v2 0.981 0.942 0.982 0.943
LR s2v 0.986 0.951 0.987 0.952
LR Ensemble 0.989 0.957 0.990 0.958
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Fig. 2. The classification performance of the models on the internal
validation data. (A) The table of classification performance metrics of dif-
ferent vectorization models. The receiver operating characteristic curves
(B), and the precision-recall curves (C) of the different models.

clusters shown are labelled with the ground truth labels from the
dataset.

A. Model Performance on Validation Data

With text vectors, classifiers based on each of the four vector-
ization algorithms were built. After performing hyperparameter
tuning in the five-fold cross validation on the training data, the
best strength of L2 penalty were 10 for the BOW model, 0.1
for the TF-IDF, W2V1 and W2V2 models, and 1 for the S2V
model. Word stemming was used for BOW and TF-IDF models
but not in the W2V1, W2V2 and S2V models. The performance
on the validation data is shown in Fig. 1. The results show that
besides the ensemble learning model, TF-IDF outperformed
the other models with the highest AUROC (0.990), accuracy
(0.957), AUPRC (0.990), and F1-score (0.958) (Fig. 2). The RF
models did not outperform the LR models and were therefore
not shown and used in our ensemble models.

Additionally, after plotting the confusion matrices, it can be
seen that among the separate learners, the TF-IDF model has
the fewest false-positive cases while the S2V model has the
fewest false-negative cases (Fig. 3). Venn plots of the false
predictions were shown in Fig. 3(A). According to the results,
although most false-positive and false-negative cases overlap
across different word-vectorization models, there is divergence

















http://arxiv.org/abs/1703.02507
http://jmlr.org/papers/v9/vandermaaten08a.html
https://doi.org/10.1145/1143844.1143874
http://link.springer.com/10.1007/b106715
http://link.springer.com/10.1007/b106715


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /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 (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


