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ABSTRACT Sentiment analysis encompasses various fields such as psychology, marketing, and education,
with social media serving as a key platform for gauging public opinion. Recently, graph-based methods
have proven to be very useful in representing structured data. This study presents an unsupervised, graph
knowledge approach to sentiment analysis that vectorizes nodes representing words and their conceptual
connections. Using VADER (Valence Aware Dictionary and sentiment Reasoner) alongside conceptual
words such as WordNet and ConceptNet, the method builds a graph of words based on sentiment polarity,
capturing both co-occurrence and conceptual relationships. Additionally, a novel Polarity-biased Random
Walk algorithm creates polarity-sensitive graph walks, which are vectorized using the Skip-Gram technique.
The findings indicate that increasing walk length and the number of node walks, with a bias of 0.95 and
employing ConceptNet or WordNet, enhances sentiment classification compared to models like Node2Vec,
GraphSAGE, Graph Attention, and Graph Convolutional Networks. Lastly, embeddings generated from the
IMDB dataset demonstrate superior accuracy in domain-specific tasks when compared to models such as
Word2Vec, FastText, GloVe, and BERT.

INDEX TERMS Word embedding, sentiment analysis, polarity classification, knowledge graph, node em-
bedding.

I. INTRODUCTION
Verbal language is a common form of human language that
allows the expression and communication of information,
ideas, emotions, and feelings. Today, there are several social
media platforms that make it easier for people to express
and disseminate verbal language. Companies and institutions
constantly collect opinions and recommendations about their
products or services, which constitutes a rich source of infor-
mation to improve their offerings. [1], [2], [3]. In this context,
Sentiment Analysis (SA) is an area of study that investigates
methods and algorithms to understand the feelings expressed
in verbal language, facilitating the analysis of large textual
corpus and the decision-making process in different appli-
cation fields such as political opinion, business, marketing,
video preference, etc. [4].

The numerical representation of words is an important pro-
cess during the development and implementation of machine
learning models in the area of Natural Language Process-
ing (NLP). When a word or phrase is optimally represented

numerically, model building is facilitated and evaluation met-
rics yield better results. Word vectorization techniques are
widely used in the SA area. The first techniques that emerged
for this purpose were the Bag of Word (Bow) [5] and the Term
Frequency-Inverse Document Frequency (TF-IDF) [6]. More
recently, more sophisticated techniques have appeared, such
as Word2Vec [7], Glove [8], FastText [9], ELMO [10] and
BERT [11]. These techniques improve word vectorization in
large amounts of data by approximating words by their seman-
tic proximity to enable context understanding of sentences and
to achieve better classifications of feelings and emotions.

In addition to traditional and graph-based approaches,
recent studies have proposed novel techniques that fur-
ther enrich sentiment analysis. For instance, ensemble-based
models leveraging Transformers have achieved robust per-
formance across multiple datasets [12]. Furthermore, het-
erogeneous ensemble frameworks have been introduced for
aspect-based sentiment analysis (ABSA), enabling a finer
granularity in sentiment detection [13]. Beyond sentence-level
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classification, other methods extend polarity detection to so-
cial media events, capturing broader collective dynamics [14].
At the same time, new embedding strategies specifically de-
signed for sentiment tasks continue to be developed [15].
Finally, approaches that incorporate contextual cues, such as
discourse markers and pragmatic features, have been demon-
strated to significantly improve polarity classification [16].
These recent contributions highlight the importance of inte-
grating ensemble architectures, contextual information, and
domain-specific embeddings.

The aforementioned techniques have shown multiple bene-
fits and have been applied in different SA studies. However,
it is still necessary to further improve these techniques to
achieve more accurate and explicable results [17]. Most of
these techniques have been trained with millions of general
domain texts with the intention of being usable in a wide
variety of tasks, such as sentiment analysis, text translation,
text summarization, question-and-answers, etc. However, sev-
eral scholars have mentioned that word vectorization with a
general approach may not be optimal in specialized domains
and tasks because they do not use domain and task-specific
information [18]. Most of these techniques are capable of
understanding words syntactically and contextually. However,
for a better understanding of the message expressed in the
text, it is necessary to understand the words of the sentence
conceptually. In this sense, some authors have mentioned that
incorporating conceptual analysis into word representation
can be an effective alternative to improve word representation
and understanding [18], [19], [20], [21].

On the other hand, there has been a growing body of
work in Artificial Intelligence (AI) focused on represent-
ing and analyzing structured information using graphs and
graph theory. Some classical contributions in this area in-
clude DeepWalk [22], GraphSAGE [23], Node2Vec [24], and
Graph2Vec [25], along with more recent deep learning archi-
tectures such as Graph Convolutional Networks (GCNs) [26]
and Graph Attention Networks (GATs) [27], [28]. One of
the main advantages of incorporating graph structures into
modeling is their ability to more accurately capture contex-
tual and semantic relationships. In particular, within the field
of Natural Language Processing (NLP), several approaches
have integrated graph structures in the form of knowledge
graphs, showing potential to enhance performance across var-
ious NLP tasks [29], [30], [31], [32], [33], [34]. Specifically
for sentiment analysis, we hypothesize that the introduction
of knowledge graphs could improve the understanding of the
meaning and subtle interactions among words, leading to bet-
ter identification of the sentiment or emotion expressed in the
texts. In this regard, the following research questions guide
our study:

1) RQ1: How can conceptual knowledge (WordNet, Con-
ceptNet) enrich word embeddings to capture semantic
and polarity relationships more effectively?

2) RQ2: Does a polarity-biased random walk algorithm
provide better sentiment-specific embeddings than tra-
ditional graph-based approaches?

3) RQ3: How does the proposed method compare
with widely used pre-trained embeddings (Word2Vec,
GloVe, FastText, BERT) across domain-specific and
general-domain datasets?

This work presents a novel unsupervised method to gen-
erate word embeddings by combining knowledge graphs
with conceptual analysis. Our approach involves construct-
ing a word graph and incorporating semantic relationships
and polarity information through biased random walks. The
proposed technique aims to capture meaningful semantic
associations such as synonyms and hyponyms along with
polarity related features, to enrich embeddings and enhance
sentiment polarity classification. The main contributions of
this work include:

1) Enrichment of word embeddings by integrating con-
ceptual knowledge to better capture semantic structure,
concepts, and relationships between words, thus en-
hancing text comprehension.

2) Use of polarity-biased random walks to effectively
group words sharing similar sentiment polarity, improv-
ing sentiment-specific representations.

3) A methodology for generating domain-specific embed-
dings, integrating both structural and semantic polarity
information.

4) Integration of conceptual information to improve senti-
ment polarity classification performance.

The remainder of this article is structured as follows:
Section II describes the proposed methodology. Section III
outlines the experimental setup. Section IV presents the
results and Section V the discussion. Finally, Section VI pro-
vides conclusions and future research directions.

II. PROPOSED METHODOLOGY
Fig. 1 shows the general workflow of the proposed knowledge
graph-based approach for sentiment analysis. The process
begins with data collection and pre-processing, involving
the reading and cleaning of the data. Following this, new
sentences are generated using WordNet and ConceptNet to
improve the corpus with additional semantic relations. Subse-
quently, dictionaries of words classified by polarity (positive,
negative, and neutral) are constructed using VADER (Valence
Aware Dictionary and sEntiment Reasoner) [35], along with
conceptual dictionaries based on WordNet and ConceptNet.
Utilizing this information, a co-occurrence graph is gener-
ated, and random walks biased by word polarity are applied
to create embeddings of more representative words. These
embeddings are then utilized by various machine learning
algorithms, such as Support Vector Machine (SVM), Random
Forest (RF), XGBoost (XGB), Logistic Regression (LR), and
K-nearest Neighbor (KNN), to perform sentiment classifica-
tion, thereby improving the accuracy of predictive models.

A. DATA COLLECTION & PRE-PROCESSING
In this work, we utilized the IMDB movie dataset, which is
commonly used for sentiment analysis. The dataset consists
of movie reviews labeled with their corresponding polarity
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FIGURE 1. Overall workflow of the proposed methodology based on
knowledge graph for sentiment analysis.

(positive or negative). To prepare the data for embedding
generation, we implemented a data-cleaning algorithm to re-
move textual noise. We apply conventional proceses such as
involved converting the text to lowercase, removing HTML
tags, removing URLs, social media mentions, and special
characters. We also remove square brackets and words longer
than 20 characters and normalize white space. Following
this, we applied lemmatization and removed a set of English
stopwords to reduce the vocabulary size without losing the
meaning essential for sentiment analysis [36].

To better understand the data, we clustered the IMDB
reviews using TF-IDF and BERT embeddings followed by
K-means. Fig. 2 shows a projection of the BERT embeddings
onto the first two PCA components. This shows strong mixing
of positive and negative reviews with no clear separation.

FIGURE 2. Scatter plot of the first two principal components (PCA) derived
from BERT embeddings of the IMDB reviews. Colors indicate the sentiment
labels.

Agreement between K-means clusters and sentiment labels
is low: we found an Adjusted Rand Index (ARI) of 0.0217
and a Purity Score of 0.5765 using the TF-IDF embeddings,
and an ARI of 0.0011 and Purity Score of 0.523 using the
BERT embeddings [37]. These results indicate substantial
lexical/semantic overlap between classes, underscoring the
difficulty of sentiment classification in this domain.

B. GENERATE A DICTIONARY OF CONCEPTUAL WORDS
This phase consists of the creation of a dictionary that re-
lates original words to their semantically similar concepts.
Sources such as ConceptNet and WordNet are used to build
this dictionary. By incorporating conceptual words, the corpus
data is enhanced, resulting in a more varied representation of
sentences.

Given a set of original words O = {o1, o2, . . . , on} that
were extracted from the IMDB movie dataset and their
associated concepts C(oi ) obtained from sources such as
ConceptNet or WordNet, the conceptual dictionary D is
defined as:

D(oi ) = {ci1, ci2, . . . , cim} where ci j ∈ C(oi ) (1)

C. GENERATE NEW SENTENCES WITH GRAPH
In this phase, the objective is to generate new sentences us-
ing the IMDB movie dataset. This will be done by using
a graph knowledge-based approach and extracting concept
words through the dictionary of conceptual words D(oi ). Each
word from the original sentence will be represented as a node
in the graph, and additional nodes will be connected by edges
to represent concept words.

1) GRAPH GENERATION
The graph G j = (Vj, E j ) is generated for each sentence o j ,
where the nodes Vj represent both the original words of the
sentence and their related concepts.
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Given a sentence o j = {w1,w2, . . . ,wk}, the node set Vj of
the graph consists of the original words wi and their concepts
D(wi ) = {ci1, ci2, . . . , cim}, where ci j ∈ C(wi ) is a concept
associated with wi. The node set Vj is defined as:

Vj = {w1,w2, . . . ,wk} ∪ D(wi ) (2)

The edge set E j contains two types of relationships:
� The connections between consecutive words in the sen-

tence:

E j = {(wi,wi+1) | 1 ≤ i < k} (3)

� The connections between each word wi and its concepts
ci j ∈ D(wi ):

E ′
j = {(wi, ci j ) | ci j ∈ D(wi )} (4)

The resulting graph for each sentence is G j = (Vj, E j ∪
E ′

j ), representing the semantic structure of the sentence and
its conceptual relationships.

2) GENERATION OF WORD-CONCEPT COMBINATIONS
The G j represents a new combination of conceptual words
for each sentence where for each word wi, both the original
word and its concepts D(wi ) are considered, and all possible
combinations of these words are generated.

The total set of possible combinations for a sentence o j is
defined as the cartesian product of the available options for
each word wi:

C(o j ) =
k∏

i=1

({wi} ∪ D(wi )) (5)

Each original word wi can be replaced by any of its con-
cepts ci j ∈ D(wi ). Likewise, the number of combinations is
limited to a maximum Cselected, which represents the total
number of sentences selected from a random subset of combi-
nations made in C(o j ).

3) GENERATION OF NEW SENTENCES
The selected combinations Cselected are used to construct new
sentences. Each combination of Cselected results in a new sen-
tence where some original words have been replaced by their
concepts.

For each combination c ∈ Cselected, a new sentence onew
j

is generated as a sequence of words w′
i, where w′

i ∈ {wi} ∪
D(wi ). The new sentence is given by:

onew
j = (w′

1,w
′
2, . . . ,w

′
k ) (6)

The total set of new sentences generated from the original
sentence o j is denoted as:

Onew
j = {onew

j | onew
j ∈ Cselected} (7)

Finally, the set of all new sentences generated for the entire
dataset is where N is the total number of sentences in the

dataset.

Onew =
N⋃

j=1

Onew
j (8)

D. GENERATE A DICTIONARY OF POLARITY WORDS
In this phase, we create a word polarity dictionary using the
VADER lexicon. This dictionary classifies words as positive,
negative, or neutral by evaluating each word’s score in the
VADER lexicon based on three polarity categories. This dic-
tionary facilitates the process of labeling words based on their
sentiment in sentiment analysis.

For each word w ∈ VADER lexicon, the polarity is as-
signed as follows:

Wpolarity =

⎧⎪⎨
⎪⎩

1 if score(w) ≥ 0.05 (Positive)

−1 if score(w) ≤ −0.05 (Negative)

0 if − 0.05 < score(w) < 0.05 (Neutral)
(9)

The polarity dictionary Dpolarity maps each word w to its
corresponding polarity Wpolarity.

E. GENERATE A CO-OCCURRENCE GRAPH
In this phase, a graph is created to represent co-occurrence
relationships and conceptual word connections based on po-
larity. For every sequence of tokens in a sentence, the graph
identifies the words present in the vocabulary (tokens) and
establishes connections (edges) between words that co-occur
within a specific context window. Furthermore, the conceptual
dictionary adds new nodes and edges for vocabulary words
only if these conceptual words are part of the polarity dictio-
nary.

Given a document represented as a sequence of words T =
{w1,w2, . . . ,wn}, the set of nodes N consists of the words
appearing in the document N = {w1,w2, . . . ,wn}. Each word
wi ∈ T is represented as a node in the graph.

For each word wi ∈ N , a context window of size k is defined
around wi, meaning that wi is connected to the words w j that
are within k positions to the left or right. The co-occurrence
edges are defined as:

Eco-occurrence = {(wi,w j ) | |i − j| ≤ k, i �= j,wi,w j ∈ N}
(10)

The conceptual dictionary D(wi ) contains the concepts of
each word wi. For each word wi, its concepts are retrieved,
and if a concept c ∈ C(wi ) belongs to the set of polarity words
Wpolarity, a semantic edge is added between wi and c.

The semantic edges are defined as:

Esemantic = {(wi, c) | c ∈ D(wi ), c ∈ Wpolarity} (11)

Graph result G is an undirected graph composed of the node
set N and the edge set E , which includes both co-occurrence
and semantic edges:

G = (N, E ), where E = Eco-occurrence ∪ Esemantic (12)
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F. GENERATE POLARITY-BIASED RANDOM WALKS
The polarity-biased random walk algorithm (see Algorithm 1)
is created to navigate a graph of word co-occurrences. In this
graph, nodes represent words or concepts, and edges represent
their semantic or co-occurrence relationships. The algorithm
prefers transitions between nodes that have the same senti-
ment polarity. It uses a bias parameter denoted as b to increase
the likelihood of moving towards neighbouring nodes with the
same polarity (positive, neutral, or negative). This approach
helps to maintain polarity consistency in the generated walks,
which is beneficial for developing polarity-sensitive repre-
sentations in sentiment analysis tasks, such as creating word
embeddings.

1) POLARITY-BIASED RANDOM WALK INITIALIZATION
Let G = (V, E ) be an undirected graph, where V is the set
of nodes (representing words). E is the set of edges, repre-
senting relationships between nodes (such as co-occurrence
or concept relationships). Each node v ∈ V is associated with
a polarity value p(v) ∈ {−1, 0, 1}, where:
� p(v) = 1 for positive words.
� p(v) = −1 for negative words.
� p(v) = 0 for neutral words or words without assigned

polarity.
A polarity-biased random walk starting from node v0 is

represented as a sequence:

W = {v0, v1, v2, . . . , vL−1} (13)

where v0 is the starting node, and L is the total length of the
walk.

2) NODE NEIGHBORHOOD
For get node Neighborhood in each node vi in the walk, the
set of neighbors N (vi ) is defined as:

N (vi ) = {v j ∈ V | (vi, v j ) ∈ E} (14)

This set contains all nodes v j that are connected to vi by an
edge in E .

3) TRANSITION PROBABILITIES
On the other hand, the transition probability from node vi to a
neighboring node v j ∈ N (vi ) is determined by their respective
polarity values. The probability is defined as:

P(v j | vi ) =
{

b if p(vi ) = p(v j ) and p(vi ) �= 0

1 − b if p(vi ) �= p(v j ) or p(vi ) = 0
(15)

where b is a bias parameter that gives higher transition proba-
bilities to nodes with the same polarity as vi. If the polarities of
vi and v j are equal and non-neutral, the transition probability
is high (b). If the polarities differ or are neutral, the transition
probability is lower (1 − b).

After, transition probabilities are normalized to ensure they
sum to 1. For each node vi, the sum of the transition probabil-
ities to its neighbors v j ∈ N (vi ) is:∑

v j∈N (vi )

P(v j | vi ) = 1 (16)

4) SELECTION OF THE NEXT NODE
For selection of the next node in the walk, vi+1, is selected
from the set of neighbors N (vi ) based on the normalized
transition probabilities:

vi+1 = arg max
v j∈N (vi )

P(v j | vi ) (17)

This selection process ensures that nodes with similar po-
larities are more likely to be chosen during the walk.

5) RANDOM WALK GENERATION
The walk W = {v0, v1, . . . , vL−1} continues until it reaches
the maximum length L(walk length), or terminates early if the
current node has no neighbors. After, is necesaria the create
multiple walks for each node v ∈ V , multiple independent
polarity-biased random walks are generated. The number of
steps is defined by n(num walks by node), leading to the gen-
eration of a set of steps:

W =
⋃
v∈V

{W1(v),W2(v), . . . ,Wn(v)} (18)

Where Wi(v) represents the i step starting from node v.

G. GENERATE WORD EMBEDDING
To convert the network words into embeddings, we first trans-
form each node of the walks into a text string. Then, we
process these strings using the Skip-Gram [7] learning model,
which uses the sequence of paths to create vector representa-
tions. The model (Skip-Gram) is presented as follows.

The objective is to predict context words given a central
target word. The model aims to maximize the probability of
correctly predicting nearby words wt+ j given a central word
wt , within a context window of size c. This technique is
particularly useful for capturing semantic and co-occurrence
relationships between words in a corpus.

Given a sequence of words w1,w2, . . . ,wT , the objective
of the Skip-gram model is to maximize the probability of
predicting the nearby words wt+ j for a central word wt , within
a context window of size c. This is expressed as:

T∏
t=1

∏
−c≤ j≤c, j �=0

P(wt+ j | wt ) (19)

To optimize this model, we maximize the log-likelihood of
the joint probability:

1

T

T∑
t=1

∑
−c≤ j≤c, j �=0

log P(wt+ j | wt ) (20)
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Algorithm 1: Polarity-Biased Random Walk Algorithm.

The conditional probability P(wt+ j | wt ) is modeled using
the softmax function, which assigns a probability to each word
in the vocabulary based on the vector representations vwt of
the words. This is represented as:

P(wt+ j | wt ) =
exp(v�

wt+ j
vwt )∑

wk∈V exp(v�
wk

vwt )
(21)

Where:
� vwt is the vector representation of the central word wt .

� vwt+ j is the vector representation of the context word.
� V is the set of all words in the vocabulary.
� exp(·) denotes the exponential function.

H. MACHINE LEARNING ALGORITHMS
In this phase, we apply several machine learning algorithms
to classify sentiment using word embeddings generated in
the previous stage. The algorithms we use include SVM, RF,
LR, XGBoost, and KNN. We use word embeddings as input
features to train classifiers that can predict sentiment polarity
(positive, negative, or neutral). These models are trained to
maximize accuracy and generalization in sentiment classifica-
tion.

I. SENTIMENT CLASSIFICATION
The sentiment classification phase involves evaluating the per-
formance of the machine learning models. Two key evaluation
metrics used in this phase are accuracy and F1-score.

Accuracy measures the proportion of correct predictions
(positive and negative) out of the total number of instances
evaluated. It’s defined as:

Accuracy = T P + T N

T P + T N + FP + FN

Where:
� T P (True Positives) are the correctly predicted positive

instances.
� T N (True Negatives) are the correctly predicted negative

instances.
� FP (False Positives) are the instances incorrectly pre-

dicted as positive.
� FN (False Negatives) are the instances incorrectly pre-

dicted as negative.
The F1-score is the harmonic mean of precision and recall,

and it is especially useful when there is an imbalance between
classes. It is defined as:

F1-score = 2 × Precision × Recall

Precision + Recall
(22)

Where precision and recall are represented as follows:

Precision = T P

T P + FP
(23)

Recall = T P

T P + FN
(24)

III. EXPERIMENTS
In this section, we conducted experiments using a dataset
related to polarity classification to verify the performance of
the proposed methodology. The experiment scripts to repro-
duce our results are publicly available at https://github.com/
yonatanmc/sentinode3.

A. DATASET
The dataset chosen for building word embedding, generating
pretraining models, and comparison includes IMDB movie
reviews with both negative and positive polarity (see Table 1).
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TABLE 1. Number of Sentences by Dataset

TABLE 2. Number of Nodes and Edges of IMDB Movie

It will be compared with Node2Vec, GraphSAGE, GAT, and
GCN. After using pretraining models to compare the specific
domain SST2 dataset (movie) and general domain McDon-
ald’s review (opinion on fast food) (see Table 1), both with
negative and positive polarities, For this comparison, apply
models such as Word2vec, Glove, FastText, and BERT, which
are commonly used for text encoding for sentiment analy-
sis. On the other hand, to create a polarity and conceptual
dictionary, we use VADER for polarity and WordNet and
ConceptNet for conceptual relation (see Table 2).

B. EVALUATION METRICS
The proposed word embedding models were evaluated using
various metrics to validate their effectiveness. Spearman and
Pearson correlation coefficients, along with their respective p-
values, were used to assess how well the embeddings captured
human-annotated word similarity using the WordSim353
and SimLex999 datasets. Additionally, polarity-based word
similarity metrics (Positive-Positive, Negative-Negative, and
Positive-Negative Similarity) were used to evaluate how well
the embeddings captured sentiment distinctions. For the sen-
timent classification task, t-Distributed Stochastic Neighbor
Embedding (t-SNE) was used to visualize the embeddings,
identifying clusters of words based on polarity (positive and
negative). Finally, accuracy and F1-score were applied to mea-
sure the model’s overall performance [38], [39], [40].

IV. RESULTS
A. ACCURACY AND F1-SCORE
To evaluate these results with the proposed methodology, we
considered the parameters of walk length (wl), number of
walks by node (nw), and bias (b). This allowed for random
path exploration with a bias to find better representations
of correlated words. Subsequently, the generated embeddings
were used in sentiment polarity classification using SVM, RF,
LR, XGB, and KNN algorithms. Using the metrics of accu-
racy and f1-score, we were able to verify that the parameters
of the proposal demonstrated better performance in polarity
classification.

FIGURE 3. Results of F1-score using WordNet with bias 0.95 and 0.15.

1) RESULT OF CONCEPTNET AND WORDNET WITH F1-SCORE
Fig. 3 shows the impact of the depth of the walk and the num-
ber of walks per node when using WordNet with two different
biases, 0.95 and 0.15. Fig. 3, which has a high bias towards the
same polarity (0.95), shows superior performance. The best
F1-scores are achieved with SVM (0.85) and LR (0.86) when
using wl = 40 and nw = 300. On the other hand, the Fig. 3,
with a low bias (0.15), shows slightly lower performance, with
SVM and LR reaching approximately 0.84 and 0.83, respec-
tively, under the same parameter conditions. Overall, the best
results are obtained in WordNet with a bias of 0.95 using the
SVM and LR algorithms with the greatest walk depth and the
highest number of walks by node.

Fig. 4 shows the results of the F1-score according to the
walk length and the number of walks by node using Con-
ceptNet with two different biases of 0.95 and 0.15. In the
Figure with a high bias of 0.95, the best F1-score is achieved
with SVM (0.84) and LR (0.83) when using wl = 40 and
nw = 300. On the other hand, in Fig. 4 with a low bias of 0.15,
the results are slightly lower, with SVM reaching an F1-score
of 0.81 and LR 0.82 under the same conditions. Similar to
evaluating the high bias, the results improve as the number of
paths and walk depth increases. The overall best performance
is obtained in Fig. 4 with the SVM and LR algorithms using
the greatest walk depth and the highest number of walks by
node.

2) RESULTS FOR IMDB DATASET USING GRAPH KNOWLEDGE
Tables 3 and 4 shows the performance results of different
classification algorithms when applying graph knowledge for
sentiment classification on the IMDB movie dataset. Six mod-
els were evaluated: Node2Vec, GraphSAGE, GAT, GCN, and
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FIGURE 4. Results of F1-score using ConceptNet with bias 0.95 and 0.15.

TABLE 3. Results of Accuracy With Graphs for IMDB Movie Dataset

TABLE 4. Results of F1-Score With Graphs for IMDB Movie Dataset

the proposals using WordNet and ConceptNet. For the propos-
als, the optimal parameters identified earlier were used: walk
length (wl = 40), number of paths by node (nw = 300), and
a bias (b = 0.95), which had previously proven to be the most
effective in evaluations.

During the evaluation of accuracy, the best results are
achieved by the proposal based on ConceptNet, obtaining val-
ues close to 0.85 in SVM, RF, and LR, which suggests that the
embeddings generated from ConceptNet effectively capture
semantic and polarity relationships in the text. The WordNet-
based proposal has values close to those of ConceptNet, also

TABLE 5. The Result of F1-Score for IMDB Using Pre-Trained Models

achieving good accuracy results across all algorithms. In com-
parison, the models utilizing Node2Vec, GraphSAGE, and
GAT demonstrate lower performance, with accuracy ranging
from 0.60 to 0.73, indicating that these methods fail to capture
contextual information as efficiently as the proposals based
on WordNet and ConceptNet. On the other hand, the F1-
score reveals a similar pattern, with the ConceptNet proposal
achieving the highest values in nearly all models, especially
in SVM and RF, with values of 0.85 and 0.79, respectively.
The WordNet proposal also demonstrates good performance,
outperforming traditional methods such as Node2Vec, Graph-
SAGE, and GAT in all cases. This highlights that the use
of additional semantic relationships provided by ConceptNet
and WordNet is key to improving sentiment classification, as
it reinforces connections between nodes of similar polarity,
which is crucial in the context of sentiment analysis.

These results confirm that proposals based on WordNet
and ConceptNet, utilizing random walks with b = 0.95, more
accurately capture semantic relationships and polarity.

3) RESULT OF F1-SCORE FOR IMDB USING PRE-TRAINED
MODELS
Table 5 shows the F1-score results on the IMDB dataset
using pre-trained embedding models. Although models such
as Word2vec, GloVe, FastText and BERT were trained with
millions of domain-general words, the proposed models
(WordNet and ConceptNet) show competitive performance.
Specifically, the WordNet-based proposal achieves the best
performance with SVM (0.85) and LR (0.86), surpassing
models such as BERT and FastText in certain cases. Similarly,
the RF and XGBoost algorithms with FastText outperform
the proposal, but the difference is minimal. This suggests
that, in some cases, incorporating domain-specific and graph
knowledge can outperform models trained on general-domain
data.

B. SPEARMAN AND PEARSON CORRELATION
Tables 6 and 7 show the correlation results of different
embedding models on the WordSim-353 and SimLex-999
datasets. Traditional models like Word2vec, GloVe, and Fast-
Text demonstrate low correlations in both Spearman and
Pearson, indicating that they don’t effectively capture se-
mantic similarities. Additionally, the high p-values suggest
low statistical significance. On the other hand, BERT per-
forms significantly better in both datasets, especially in
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TABLE 6. Results of Correlation for WordSim-353

TABLE 7. Results of Correlation for SimLex-999

TABLE 8. Results of Word Similarity by Polarity

WordSim-353, with Spearman and Pearson correlations of
0.33, showcasing its ability to capture semantic relationships.
However, its performance decreases in SimLex-999. The
WordNet and ConceptNet-based models, particularly the Con-
ceptNet model, exhibit notable performance, achieving the
highest correlations in both datasets. The ConceptNet model
shows a Spearman correlation of 0.43 in WordSim-353 and
0.41 in SimLex-999, along with very low p-values, indicating
a strong relationship between embeddings and human similar-
ities. These results highlight the effectiveness of conceptual
graph-based models in capturing semantic relations and sim-
ilarity, which is beneficial for sentiment analysis tasks. To
ensure comparability between models, the same dimensions
were employed for training from scratch, as demonstrated in
Tables 6, 7, and 8. Models referenced in (1) utilized these
algorithms to generate our embeddings with the IMDB dataset
at a dimension of 300. Proposals referenced in (2) for embed-
dings based on WordNet and ConceptNet were also generated
with a dimension of 300, using optimal parameters of wl =
40, nw = 300, and b = 0.95 as identified previously.

TABLE 9. Results of Accuracy for SST2 Dataset

TABLE 10. Results of F1-Score for SST2 Dataset

C. POLARITY BASED WORD SIMILARITY
For the evaluation, the following group of words was consid-
ered.
� Positive words: happy, joy, love, good, excellent, well,

beautiful, honestly, amazing, fantastic, wonderful, de-
lightful, glad, great, awesome, positive, perfect, smile,
exciting, friendly.

� Negative words: sad, anger, hate, bad, terrible, stupid, se-
rious, afraid, horrible, awful, disappointing, disgusting,
frustrated, nasty, pain, worst, miserable, annoyed, bored,
foolish.

Table 8 evaluates word similarity based on polarity
(Positive-Positive, Negative-Negative, and Positive-Negative)
for various embedding models. Word2Vec, FastText, and
BERT have achieved the best results, with FastText partic-
ularly excelling at capturing relationships within the same
polarity (0.86 for Positive-Positive and 0.96 for Negative-
Negative). BERT also performs well in the Positive-Negative
category (0.81), demonstrating its ability to differentiate be-
tween opposing polarities. However, the proposed models
based on WordNet and ConceptNet show lower performance
across all categories, suggesting that while they are effective
at capturing conceptual relationships, they are not as precise
at distinguishing words based on polarity.

On the other hand, the model based on GloVe and the
proposal with WordNet and ConceptNet shows better dif-
ferentiation between words of opposite polarities (Positive-
Negative), which is a good indication for finding better results
for classification in sentiment analysis. However, both models
have issues capturing relationships within the same polarities,
especially the proposals using graphs.

We can observe an apparent tension between word-level
polarity similarity (see Table 8) and sentence-level classifica-
tion performance (see Tables 3–4 and 9 –10 ). This is not a
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FIGURE 5. Cosine similarity using t-SNE for WordNet and ConceptNet. Red
color (negative words) and green (positive words).

contradiction but a difference in evaluation objectives. Intrin-
sic metrics quantify local cosine proximity between isolated
tokens, whereas our downstream task relies on compositional
sentence representations and a supervised classifier that ex-
ploits multi-token patterns (e.g., negation, contrast, discourse
markers). Consequently, a model may obtain modest scores on
word-level polarity similarity yet perform strongly in sentence
classification, because the latter benefits from multi-word in-
teractions and sequence patterns induced by polarity-biased
random walks.

D. T-SNE POLARITY VISUALIZATION
Fig. 5 show word representations using t-SNE with cosine
similarity for embeddings generated from WordNet (A3) and
ConceptNet (B3). In the WordNet (A3), we can observe better
clustering of positive words (green) such as amazing, awe-
some, fantastic, and wonderful, which form coherent clusters.
Additionally, negative words (red) such as hate, sad, and mis-
erable also tend to cluster correctly, but are sparsely scattered.

TABLE 11. Results of Accuracy for McDonals Dataset

On the other hand, in ConceptNet (B3), the positive words
maintain coherence, and only the negative word annoyed is
highly dispersed. It seems that the WordNet model captures
semantic relationships within the polarities better, while the
ConceptNet model shows some scatter, indicating that it does
not clearly capture the relationship with some words. In terms
of polarity differentiation, the WordNet graph presents a more
distinct separation between positive and negative words, mak-
ing it more suitable compared to the ConceptNet graph.

E. RESULTS OF ACCURACY AND F1-SCORE FOR SPECIFIC
AND GENERAL DOMAIN
To evaluate the SST2 dataset, the proposals from WordNet
and ConceptNet were generated with optimal parameters of
wl = 40, nw = 300, and b = 0.95, using a dimension of 300
for the embeddings, which allows for a fair comparison with
the embedding models generated from the IMDB dataset us-
ing Word2Vec, GloVe, FastText, and BERT models with 300
dimensions. On the other hand, to evaluate the McDonald’s
dataset (food domain), general domain pre-trained models
were used, except for the proposals with WordNet and Con-
ceptNet, which pertain to the movie domain.

1) RESULTS FOR THE SST-2 DATASET IN A SPECIFIC DOMAIN
The results in Tables 9 and 10 show the Accuracy and F1-
score values for the SST2 movie dataset (specific domain).
The results are based on 300-dimensional embeddings created
from the IMDB dataset using the Word2vec, GloVe, FastText,
and BERT models. It’s evident that the proposed models with
WordNet and ConceptNet consistently outperform the pre-
trained embeddings in terms of accuracy and F1-score across
most algorithms. Specifically, the ConceptNet-based proposal
achieves the best results with SVM (0.78) and LR (0.76) in
accuracy and also excels in F1-score, reaching 0.79 with SVM
and 0.77 with LR. While pre-trained models such as BERT
and FastText deliver good results, particularly in accuracy,
they don’t surpass the proposed models. This indicates that
embeddings based on graph knowledge, such as WordNet
and ConceptNet, are better suited for capturing semantic and
sentiment relationships in the specific domain.

2) RESULTS FROM THE MCDONALDS DATASET APPLIED TO A
GENERAL DOMAIN
The accuracy and F1-score results on the McDonalds dataset
are presented in Tables 11 and 12. It’s important to note that
the proposed models trained on the IMDB dataset WordNet
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TABLE 12. Results of F1-Score for McDonals Dataset

and ConceptNet aren’t from the same domain as McDonalds
(fast food), while models such as Word2vec, GloVe, FastText,
and BERT are domain-general. In terms of accuracy, GloVe
and FastText demonstrate superior performance across most
classifiers, with GloVe achieving 0.85 with SVM and FastText
achieving 0.87 with XGBoost. Similarly, in terms of F1-score,
GloVe and FastText also deliver the best performances, with
GloVe reaching 0.85 with SVM and RF, and FastText reaching
0.87 with XGBoost and LR with 0.87 using Word2vec. On
the other hand, models based on WordNet and ConceptNet,
while achieving acceptable F1-score values, exhibit inferior
performance, indicating that embeddings trained on a specific
domain such as IMDB do not transfer optimally to another do-
main such as McDonalds. This underscores the importance of
training embeddings with domain-specific data for improved
results in sentiment analysis.

V. DISCUSSION
On domain-specific datasets (with IMDB used to induce
embeddings and SST-2 for evaluation), the proposed concept-
enriched embeddings built from WordNet/ConceptNet and
trained on polarity-biased random walks consistently outper-
form general-purpose baselines (Word2Vec, GloVe, FastText,
BERT) across most classifiers. In particular, linear models
(e.g., SVM and Logistic Regression) benefit from repre-
sentations that encode lexical-semantic relations alongside
sentiment cues, yielding higher Accuracy and F1. These gains
align with the experimental configuration that proved most
effective for embedding induction (dimension = 300, walk
length wl = 40, walks per node nw = 300, bias b = 0.95),
and support the claim that integrating conceptual knowledge
with polarity structure is advantageous when the downstream
task and source domain are well aligned (see Section IV).

From a mechanistic standpoint, qualitative analyses (e.g., t-
SNE) indicate that the lexical graph particularly when instan-
tiated with WordNet organises polarity-aware neighbourhoods
more distinctly, showing clearer separation between positive
and negative regions and tighter intra-polarity clusters than the
ConceptNet counterpart. This observation is consistent with
the role of a high polarity bias (b) during random walks, which
increases the likelihood of traversing sentiment homogeneous
regions, and with the contribution of semantic edges (e.g.,
synonymy, hyponymy) that densify paths among semantically
related nodes. Collectively, these factors help explain why
the proposed embeddings better capture sentiment relevant

structure for polarity classification in domain-constrained sce-
narios. On the other hand, our approach depends on lexical
resources (WordNet/ConceptNet) and fixed VADER thresh-
olds, which may fail to cover slang and neologisms and
can mis estimate polarity across domains. Moreover, concep-
tual expansion and graph modelling can introduce semantic
drift unless relation types are carefully filtered and edges are
weighted by reliability or relation type. Finally, using type
level word embeddings without sense disambiguation pre-
vents the model from fully capturing polysemy and pragmatic
cues (e.g., negation, intensification, irony), thereby limiting
polarity detection accuracy.

VI. CONCLUSION
This study proposed a novel graph-based approach to senti-
ment analysis by integrating semantic and polarity relation-
ships through lexical resources such as WordNet and Con-
ceptNet. The developed methodology enables the generation
of enriched vector representations using a polarity-biased ran-
dom walk algorithm, combined with the Skip-Gram model to
generate embeddings. These embeddings effectively capture
both semantic and sentiment-related relationships, enhancing
performance in sentiment classification tasks.

Results obtained on the IMDB dataset demonstrate that
embeddings based on ConceptNet outperform widely-used
pre-trained models such as Word2Vec, GloVe, FastText, and
BERT in key metrics like accuracy and F1-score, particu-
larly in domain-specific applications such as movie reviews.
Moreover, the proposed approach significantly outperforms
traditional graph-based models, including Node2Vec, Graph-
SAGE, GAT, and GCN, highlighting the added value of
incorporating conceptual knowledge and polarity bias into the
embedding generation process.

In general-domain contexts, such as the McDonald’s review
dataset, general-purpose pre-trained models achieved superior
performance, emphasizing the importance of tailoring embed-
dings to the target domain to optimize results.

These findings validate the potential of concept-enriched
graph-based representations as an effective alternative for
sentiment analysis in specialized domains and highlight the
opportunity to develop more interpretable and domain-aware
models.

Future research will focus on developing new graph-based
embedding models that dynamically integrate semantic and
contextual polarity information by leveraging advanced archi-
tectures such as Graph Neural Networks (GNNs) and Graph
Attention Networks (GATs). Additionally, we plan to extend
this approach to cross-domain scenarios and explore its appli-
cation to more complex tasks such as emotion analysis and
bias detection in natural language.

APPENDIX A
ABLATION TESTS
Results using WordNet at b = 0.95 (Tables 13 and 14),
performance improves as both walk length (wl) and num-
ber of walks (nw) increase. SVM and LR remain the most
consistent, reaching around 0.85in accuracy and F1-score,
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TABLE 13. Accuracy Results for the WordNet Proposal With a Bias of 0.95

TABLE 14. F1-Score Results for the WordNet Proposal With a Bias of 0.95

TABLE 15. Accuracy Results for the WordNet Proposal With a Bias of 0.15

TABLE 16. F1-Score Results for the WordNet Proposal With a Bias of 0.15

TABLE 17. Accuracy Results for the ConceptNet Proposal With a Bias of
0.95

while XGB benefits from deeper walks. RF and KNN show
weaker results, particularly with lower nw. Overall, longer
and denser walks yield richer embeddings that favour linear
classifiers.

Results using WordNet at b = 0.15 (Tables 15
and 16), performance slightly declines compared to
b = 0.95, particularly for RF and KNN. SVM and LR
remain the most stable, while the reduced bias weakens
polarity-based neighbourhood affinity, lowering the
precision of models more dependent on local structures.
This shows that tuning b is crucial to maximise classifier
performance.

Results using ConceptNet ConceptNet at b = 0.95
(Tables 17 and 18), SVM and LR remain the most stable,
reaching accuracy and F1-scores around 0.84–0.85. XGB
also benefits from deeper walks, while RF and KNN show

consistently weaker results. Overall, a high bias reinforces
polarity-based structures in the embeddings, favouring linear
models and XGB.

Results using ConceptNet at b = 0.15 (Tables 19 and 20),
results are slightly lower than with b = 0.95. SVM and LR

TABLE 18. F1-Score Results for the ConceptNet Proposal With a Bias of
0.95

TABLE 19. Accuracy Results for the ConceptNet Proposal With a Bias of
0.15

TABLE 20. F1-Score Results for the ConceptNet Proposal With a Bias of
0.15

remain stable, while RF reaches moderate values and KNN
and XGB show less robustness. The lower bias weakens po-
larity relations, reducing the advantage of neighbourhood- and
ensemble-based models.

APPENDIX B
K-FOLD CROSS-VALIDATION
To assess the generalisation ability of the models, we applied
5-Fold Cross-Validation. As shown in Table 21, LR and

TABLE 21. Performance of Cross-Validation With ConceptNet and WordNet
(B = 0.95, Wl = 40, Nw = 300)

SVM achieved the best performance across both ConceptNet
and WordNet embeddings, with WordNet providing slightly
higher stability. These results confirm that both knowledge
sources contribute effectively to the robustness of the models.
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APPENDIX C
TIME PERFORMANCE
Training was conducted on a workstation equipped with an
AMD Ryzen Threadripper PRO 5955WX (16 cores / 32
threads), 252 GB of RAM, and 32 logical CPUs. As shown
in Table 22, shallow embeddings such as Word2Vec and

TABLE 22. Time Performance With B = 0.95, Wl = 40, Nw = 300

FastText complete in seconds, while BERT requires several
minutes due to the transformer’s inference cost. Graph-based
approaches are significantly slower, especially with WordNet,
reflecting the higher density and complexity of lexical graph
exploration.
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[36] C.-O. Truică, J. Darmont, and J. Velcin, “A scalable document-based
architecture for text analysis,” in Proc. 12th Int. Conf. Adv. Data Min-
ing Appl., J. Li, X. Li, S. Wang, J. Li, and Q. Z. Sheng, Eds., 2016,
pp. 481–494.

[37] C.-O. Truica, F. Radulescu, and A. Boicea, “Comparing different term
weighting schemas for topic modeling,” in Proc. 18th Int. Symp. Sym-
bolic Numeric Algorithms Sci. Comput., 2016, pp. 307–310.

[38] C.-O. Truică and C. A. Leordeanu, “Classication of an imbalanced data
set using decision tree algorithms,” Univ. Politehnica Bucharest Sci.
Bull. Ser. C - Elect. Eng. Comput. Sci., vol. 79, 2017, pp. 69–84.

[39] L. A. Jeni, J. F. Cohn, F. De, and La Torre, “Facing imbalanced
data–recommendations for the use of performance metrics,” in Proc.
Humaine Assoc. Conf. Affect. Comput. Intell. Interaction, 2013,
pp. 245–251.

[40] M. Abdelhamid and A. Desai, “Balancing the scales: A compre-
hensive study on tackling class imbalance in binary classification,”
arXiv:2409.19751, 2024.

YONATAN MAMANI-COAQUIRA received the
bachelor’s degree in computer and systems en-
gineering from the National University Micaela
Bastidas of Apurimac, Abancay, Peru, in 2013,
and the master’s degree in computer science from
the National University of San Antonio Abad of
Cusco, Cusco, Peru, in 2021. He is currently work-
ing toward the Ph.D. degree in engineering, with
a specialization in computer science with the Pon-
tifical Catholic University of Peru (PUCP), Lima,
Peru. He was an Intern and collaborated as a Re-

searcher with Data Analytics Science and Engineering Laboratory, Pablo de
Olavide University, Seville, Spain. He is also a Conducting Researcher with
Artificial Intelligence Group, PUCP. His research interests include machine
learning, deep learning, data analytics, computer vision, and natural language
processing.

EDWIN VILLANUEVA received the degree in elec-
trical engineering from the National University of
San Agustin of Arequipa, Arequipa, Peru, in 2000,
the master’s degree in electrical engineering from
the University of São Paulo, São Paulo, Brazil, in
2007, and the Ph.D. degree in science, in 2012.
He was a Postdoctoral with the Institute of Mathe-
matical and Computer Sciences, University of São
Paulo, and the Institute of Functional Genomics,
Universität Regensburg, Germany. He was an En-
gineer in several public and private institutions in

Peru, for more than six years, accumulating experience in the telecommu-
nications and software development sectors. He was also a Postdoctoral
Researcher with the Institute of Mathematical and Computer Sciences, Uni-
versity of São Paulo, and Universität Regensburg. Since 2017, he has been
a Senior Researcher with the Pontifical Catholic University of Peru. His
research focuses on the areas of computer science, specifically artificial intel-
ligence, machine learning, probabilistic graphical models, signal processing,
and bioinformatics. He had been leading research and technological develop-
ment projects in multidisciplinary fields, such as modeling and prediction of
atmospheric phenomena, air quality monitoring and modeling, and modeling
and prediction of financial markets.

1574 VOLUME 6, 2025



<<
  /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


