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ABSTRACT
Twitter has emerged as one of the most widely used platforms for sharing
information and updates. As users freely express their thoughts and emotions, a vast
amount of data is generated, particularly in the aftermath of disasters, which can be
collected quickly and directly from individuals. Traditionally, earthquake impact
assessments have been conducted through field studies by non-governmental
organizations (NGOs), a process that is often time-consuming and costly. Sentiment
analysis (SA) on Twitter presents a valuable research area, enabling the extraction
and interpretation of real-time public perceptions. In recent years, attention-based
methods in deep learning networks have gained significant attention among
researchers. This study proposes a novel sentiment classification model, MConv-
BiLSTM-GAM, which leverages an attention mechanism to analyze public sentiment
following the 7.8 and 7.5 Mw earthquakes that struck Kahramanmaraş, Turkey. The
model employs the FastText word embedding technique to convert tweets into vector
representations. These vectorized inputs are then processed by a hybrid model
integrating convolutional neural networks (CNNs) and recurrent neural networks
(RNNs) with a global attention mechanism. This ensures careful consideration of
semantic dependencies in sentiment classification. The proposed model operates in
three stages: (i) MConv—Local Contextual Feature Extraction, (ii) bidirectional long
short-term memory (BiLSTM)—sequence learning, and (iii) Global Attention
Mechanism (GAM)—Attention Mechanism. Experimental results demonstrate that
the model achieves an accuracy of 93.32%, surpassing traditional deep learning
models in the literature by approximately 3%. This research aims to provide objective
insights to policymakers and decision-makers, facilitating adequate support for
individuals and communities affected by disasters. Moreover, analyzing public
sentiment during earthquakes contributes to understanding societal responses and
emotional trends in disaster scenarios.
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INTRODUCTION
With the development of online technologies, a large amount of data is being produced by
Internet users, and this increases the demand for data processing and computer-aided
analysis (Wang et al., 2020; Shi et al., 2011). Thanks to the widespread use of the internet,
millions of users have access to the data produced every day, but converting this raw data
into meaningful information requires various analysis techniques (Aslan, 2023). Social
media data analysis is important in many areas, from marketing strategies to crisis
management. It is possible to determine trends and analyze user behavior by processing
text, images, and videos shared on platforms. While increasing social media use allows
individuals to share content that can impact society, the healthy analysis of this data
depends on using correct data collection methods and reliable analysis tools.

Twitter is one of the most popular social media platforms, and millions of users
worldwide express their feelings, thoughts, and reactions (Pak & Paroubek, 2010). The
presentation of shared large-scale data in a compact and casual language makes Twitter a
valuable resource for sentiment analysis (SA) in times of crisis. While artificial intelligence
significantly contributes to solving human and societal problems, natural language
processing (NLP) also helps computers understand human-generated texts (Acheampong,
Wenyu & Nunoo-Mensah, 2020). Examining data shared on platforms such as Twitter with
NLP-based SA provides important insights into evaluating public reactions, determining
individual attitudes, and detecting negative situations such as online bullying (Tam, Said &
Tanriöver, 2021; Bashir et al., 2021). SA, especially during natural disasters, contributes to
understanding the psychological states of affected individuals and helps crisis management
and intervention processes to be carried out more effectively. In addition, analyses
performed on Twitter data are considered an effective method for determining and
predicting public opinion trends.

Natural disasters, particularly earthquakes, have severe impacts on individuals and
societies, making effective crisis response and impact mitigation essential. Understanding
public reactions, identifying needs, and supporting decision-making processes are critical
for post-disaster management (Contreras et al., 2022). While qualitative methods such as
interviews, focus groups, and participatory mapping are commonly used to assess
non-physical recovery aspects (Schumann, 2018), these approaches are often costly and
limited in scope due to their dependence on fieldwork (Contreras, Wilkinson & James,
2021). With the rise of social media, information flow and disaster response have
significantly evolved. Platforms like Twitter now serve as vital tools for large-scale data
collection and damage assessment, as seen in the 2020 Zagreb and Aegean earthquakes
(Contreras et al., 2021; Aktas et al., 2021), enhancing public participation and access to
information in emergency management (Kropivnitskaya et al., 2017, 2018; Simon,
Goldberg & Adini, 2015). Analysis of post-earthquake social media data contributes to
faster and more effective coordination of relief and rescue efforts (Crooks et al., 2013),
while also allowing for the understanding of public reactions through emotional content
analysis (Wu & Cui, 2018). However, despite the 7.8 and 7.5 Mw earthquakes in and
around Kahramanmaraş, Turkey, on February 6, 2023 (Avcil et al., 2024) being described
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worldwide as the “Disaster of the Century,” research on public opinions is limited.
Thousands of tweets shared on Twitter immediately after the earthquake provided
information on the severity of the earthquake, the affected areas, and urgent needs. This
platform played a critical role in finding disaster victims, transmitting calls for help, and
coordinating rescue teams; it also allowed individuals to report that they were safe and to
submit requests for help. Thus, Twitter contributed to the organization of post-disaster
relief processes and was an important communication tool that strengthened social
solidarity.

It is essential to comprehend the overall state of affairs following the earthquake, mainly
how society reacts to tragedies, fulfills their requests, expedites decision-making, and offers
earthquake victims both material and moral support (Contreras et al., 2022; Tehseen,
Farooq & Abid, 2020). This study presents a novel sentiment classification model
(MConv-BiLSTM-GAM) to analyze the societal emotional impact of the two major
earthquakes that struck Kahramanmaraş, Turkey.

Motivation and contributions
The motivation and contributions of the proposed study are given below:

. Original dataset and advanced preprocessing: In this study, a large dataset of tweets
shared in the immediate aftermath of the February 6, 2023, Kahramanmaraş/Turkey
earthquake was collected from Twitter. The raw data underwent advanced preprocessing
to remove noise, apply lemmatization, and extract meaningful information. Deep
learning-based NLP techniques were then used to analyze the earthquake’s psychological
impact on a global scale.

. A novel hybrid model (MConv-BiLSTM-GAM): The proposed model combines
convolutional neural networks (CNN), bidirectional long short-term memory
(BiLSTM), and the Global Attention Mechanism (GAM) to harness their
complementary capabilities for enhanced sentiment classification. FastText embeddings
are utilized to convert tweets into vector representations, offering a semantic advantage
by operating at the character n-gram level. This allows for better handling of
misspellings, morphologically rich forms, and out-of-vocabulary (OOV) words—
common features in noisy social media content. The MConv stage applies multiple 1D
convolutional filters (kernel sizes 2 and 3) to extract local contextual features, while the
BiLSTM layer captures temporal and bidirectional dependencies. To address potential
limitations in focusing on key semantic elements, the GAM component assigns attention
weights across the sequence, enhancing the model’s ability to emphasize relevant tokens
and manage long-distance dependencies. This integrated design ensures a robust and
context-aware sentiment classification approach, well-suited for informal and
unstructured Twitter data.

. Contribution to post-disaster psychological impact analysis: This study presents an
NLP-based framework for analyzing societal emotions following a disaster, utilizing
social media data to assess large-scale sentiment trends. By capturing and interpreting
public reactions, the proposed model provides valuable insights for crisis management
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and psychological support planning. Its data-driven methodology enhances
decision-making processes, facilitating the development of targeted interventions to
support affected communities more effectively.

The following sections in the article are organized as follows: “Related Works” presents
a literature review of relevant work in the field. “The Proposed System” describes the
dataset collection process, the applied preprocessing steps, and the architecture of the
proposed model. “Discussions and Experimental Results” focuses on sentiment
visualization, data analysis, and a comparative evaluation of the experimental results.
Finally, the study is concluded in “Conclusions”.

RELATED WORKS
NLP, a core field of artificial intelligence, enables interaction between humans and
machines through the processing of textual or verbal data. With the exponential growth of
online communication, effective analysis of large-scale text has become essential (Shi et al.,
2011). Sentiment analysis (SA), a subfield of NLP, focuses on detecting individuals’
attitudes and emotions toward events or entities (Medhat, Hassan & Korashy, 2014), with
applications in areas such as product evaluation, market research, and audience sentiment
assessment (Li, Goh & Jin, 2020; Zheng, Wang & Gao, 2018). SA techniques are generally
categorized into deep learning-based, dictionary-based, and machine learning-based
approaches (Aslan, 2022). Among these, deep learning methods have demonstrated
superior performance due to their ability to automatically extract complex and relevant
features (Aslan, Kızıloluk & Sert, 2023).

SA, feature selection is vital for accurately detecting emotional expressions, directly
influencing model accuracy and generalization (Zheng, Wang & Gao, 2018; Zhang, Wang
& Liu, 2018). Traditional approaches, such as Zheng, Wang & Gao’s (2018) use of term
frequency–inverse document frequency (TF-IDF) with SVM and n-gram-based weighting,
have shown limitations due to dependence on manually defined features. Similarly, Go,
Bhayani & Huang (2009) applied naïve Bayes, MaxEnt, and SVM with various n-gram
models, reporting superior results with SVM. To overcome these limitations, recent studies
have focused on deep learning-based models integrating word embeddings. Abid et al.
(2019) proposed a GloVe-Bi-GRU-CNN model, while Yoon & Kim (2017) introduced a
CNN-BiLSTM using Word2Vec. Kamyab, Liu & Adjeisah (2021) combined GloVe
embeddings with TF-IDF for enhanced feature representation. Although word
embeddings improve semantic understanding, many approaches still underrepresent
emotional cues (Araque et al., 2017), highlighting the need for methods that balance
semantic and affective information in deep learning-based SA (Kamyab, Liu & Adjeisah,
2021).

Attention mechanisms are essential components in deep learning, allowing
models to selectively focus on the most relevant parts of input data rather than
processing all information equally (Vaswani et al., 2017). When integrated with RNNs,
attention mechanisms enhance performance across various applications (Bahdanau,
Cho & Bengio, 2014) and are typically categorized as global, self, or hierarchical attention.
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Basiri et al. (2021) introduced ABCDM, an attention-based model combining Bi-GRU and
BiLSTM to capture bidirectional temporal dependencies.Wen & Li (2018) proposed ARC,
a hybrid RNN-CNN-attention model for sentiment analysis of tweets, effectively capturing
both sequential and global features. Yang et al. (2016) developed a hierarchical attention
network (HAN) that applies attention at both sentence and word levels, while Liu & Guo
(2019) utilized attention in a BiLSTM-CNN model to emphasize critical hidden layer
information. Similarly, Ma et al. (2017) presented an interactive attention network to
enhance contextual representation. Collectively, these studies demonstrate that
attention-based models significantly improve the ability to extract and prioritize relevant
semantic information.

Twitter-based sentiment analysis (SA) in disaster contexts serves as a valuable tool for
understanding public emotions and improving crisis response. Ruz, Henríquez &
Mascareño (2020) utilized Bayesian networks on Spanish-language datasets from the 2010
Chile earthquake and the 2017 Catalan referendum, achieving competitive results
compared to SVM and random forests. Behl et al. (2021) trained supervised models on data
from the Nepal and Italy earthquakes, reaching 83.0% accuracy on COVID-19 test data
using an optimized MLP.Mendon et al. (2021) applied a hybrid framework combining ML
and lexicon-based methods, obtaining 81.84% performance on 243,746 Kerala-related
tweets. Yao & Wang (2020) proposed DSSA-H, combining RF and DANN classifiers for
hurricane-related tweets, achieving up to 82.61% accuracy. Song & Huang (2021)
introduced SentiBERT-BiLSTM-CNN, reaching a 92.75% F1-score. Despite promising
outcomes, a gap remains in deep learning-based SA applied from the onset of
disasters. Addressing this, Anthony, Hoi Ki Wong & Joyce (2024) used FastText-based long
short-term memory (LSTM) and CNN models to analyze post-earthquake sentiment,
achieving up to 86% accuracy. Henríquez (2024) reported 84.29% accuracy using the
edRVFL model on Chilean and Catalan tweets. Alharm & Naim (2024) employed a
BERT-LSTM model for the 2023 Turkey earthquake, attaining 85.43% accuracy. Blomeier,
Schmidt & Resch (2024) fine-tuned BERT for classifying semantic relevance in German
flood-related tweets, achieving 71.0% accuracy. These studies collectively highlight the
growing relevance and evolving sophistication of SA techniques in disaster management.

THE PROPOSED SYSTEM
This work proposes a multilayer deep learning model based on a global attention
mechanism to investigate the attention mechanism’s capability for sentiment classification
following FastText word embedding. Figure 1 displays the general flow diagram of the
proposed architecture.

Dataset and preprocessing
This study utilizes Twitter (Alam et al., 2021) as a data source to examine the societal
impact of the February 6, 2023 Kahramanmaraş/Turkey earthquake. A total of 215,446
publicly available English tweets were collected viaMAXQDA software (MAXQDA, 2020),
covering the period from February 6 to April 27, 2023. To ensure ethical compliance, no
personal or identifiable information was included. Relevant tweets were retrieved using
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common earthquake-related hashtags such as #earthquake, #turkeyearthquake, and
#turkeysyriaearthquake. After removing redundant elements (e.g., special characters, links,
emojis), preprocessing reduced the dataset to 81,797 clean tweets suitable for sentiment
analysis. VADER was used to determine sentiment polarities: 38.91% were negative
(31,824 tweets), 37.09% positive (30,336), and 24.01% neutral (19,637). This preprocessing
step enhanced both the accuracy and efficiency of the sentiment classification task.

The proposed model
This study proposes a novel sentiment classification approach based on the MConv-
BiLSTM-GAMmodel to improve performance on Twitter data. As illustrated in Fig. 2, the
architecture integrates FastText embeddings with a hybrid structure combining CNN,
BiLSTM, and GAM. The model consists of three main stages: MConv for local feature
extraction using multiple Conv1D layers with kernel sizes 2 and 3, followed by
MaxPooling, BiLSTM for capturing sequential dependencies, and GAM for focusing on
semantically relevant information across the sequence. GAM enables the model to attend
to distant yet important tokens by learning contextual relevance. Finally, the
attention-refined output is passed through two dense layers, concluding with a
softmax-based classification layer.

The proposed MConv-BiLSTM-GAM model architecture was optimized using a set of
carefully selected hyperparameters for each stage. In the feature extraction stage (MConv),
two 1D convolutional layers with 100 filters and kernel sizes of 2 and 3 were employed to
capture diverse n-gram features, followed by ReLU activation, a max-pooling layer with a
size of 2, and a dropout rate of 0.25 to prevent overfitting. In the sequence learning stage

Figure 1 The general flowchart of the suggested architecture.
Full-size DOI: 10.7717/peerj-cs.2881/fig-1
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(BiLSTM), a bidirectional LSTM layer with 128 nodes and ReLU activation was used, and a
dropout rate of 0.25 was used to maintain regularization. The attention mechanism
(GAM) was configured with an input size of 95 to compute attention weights across the
sequence. Finally, the classification stage consisted of two fully connected dense layers: the
first with five units and ReLU activation, and the second with three units and a softmax
activation function to output the sentiment class probabilities. These hyperparameter
choices were determined through empirical tuning to effectively balance model complexity
and performance.

Figure 2 The flowchart of the proposed model. Full-size DOI: 10.7717/peerj-cs.2881/fig-2
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DISCUSSIONS AND EXPERIMENTAL RESULTS
The Kahramanmaraş/Turkey earthquake dataset from February 6, 2023, was used in this
section’s practical experiments to evaluate the proposed model’s functionality, assess its
robustness, and compare its performance with other deep learning techniques to improve
SA accuracy. The experiments were conducted using the Python programming language
on the Google Collaborate Pro platform. The study utilized Python libraries, including
Pandas, Keras, Numpy, spaCy, and Sklearn. All experiments were tested on a computer
with an Intel Core i7 processor, Windows 10 operating system, and 16 GB RAM. The
results obtained were examined in this section.

Analyzing the sentiment distributions
To explore the psychological context of emotional tendencies, word cloud visualization
was used to highlight the most frequent and sentiment-relevant terms in tweets. Figure 3
displays the word clouds corresponding to positive, negative, and neutral tweet categories.
As shown in Fig. 3, non-emotive but high-frequency words such as “turkey,” “earthquake,”
and “people” were excluded to better emphasize emotionally significant keywords. The
word clouds for positive, negative, and neutral sentiment categories reveal distinct
linguistic patterns. Despite similar proportions, positive tweets predominantly include
expressions of support, solidarity, and reassurance, while negative tweets contain
fear-inducing and destructive language. Such negative discourse during disasters may
contribute to long-term psychological effects on affected communities. The findings
illustrated in Fig. 3 offer valuable insights for decision-makers to design timely and
targeted psychological, social, and financial interventions based on the collective
emotional state.

Performance evaluation of the sentiment classification model
This section presents a comparative performance analysis of sentiment classification
models on Twitter data related to the February 6, 2023 Kahramanmaraş earthquake. The
proposed MConv-BiLSTM-GAM model is evaluated against three baseline deep learning
architectures, using both FastText and GloVe embeddings to assess embedding
effectiveness. Performance is measured through accuracy, precision, recall, and F1-score
(Aslan & Kaya, 2018), while overfitting risk is monitored via training and testing
accuracy-loss curves (Reagen et al., 2018). Additionally, a confusion matrix is used to
examine misclassifications. Results demonstrate the proposed model’s superior
performance, particularly in handling emotionally charged disaster-related content.

The performance of the proposed MConv-BiLSTM-GAM model was thoroughly
evaluated using earthquake-related Twitter data, with detailed results provided in Table 1.
When utilizing FastText embeddings, the model achieved an average accuracy of 93.32%,
outperforming other deep learning models by approximately 3%. The F1-scores for
positive, negative, and neutral sentiment classes were 93.48%, 93.46%, and 92.86%,
respectively, demonstrating both high accuracy and classification consistency.
Comparative analyses show that the CNN model performed relatively poorly, especially in
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the negative sentiment class, with a precision of 89.72% and a recall of 92.84%. While
LSTM and BiLSTM models performed better due to their ability to capture sequential
dependencies, the proposed MConv-BiLSTM-GAM model achieved the highest
performance. This improvement stems from the synergy between CNN’s local feature
extraction, BiLSTM’s contextual learning, and the Global Attention Mechanism’s ability to
focus on semantically relevant information. In particular, the MConv layer enhances local
pattern recognition through multiple kernel sizes, while BiLSTM captures bidirectional
dependencies, and GAM further refines feature relevance, leading to more accurate
sentiment classification.

Given that social media data shared during disasters such as earthquakes contain high
emotional intensity and similar word patterns, using only CNN or BiLSTM is insufficient
for precise SA. Therefore, the extracted features are processed through the GAM
mechanism to prioritize the most meaningful information. Experimental results confirm
the proposed model’s superior performance in sentiment classification.

Figure 3 The word cloud representation of the positive, negative and neutral tweets. Full-size DOI: 10.7717/peerj-cs.2881/fig-3
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Another important factor in the success of the proposed model is the use of the FastText
word embedding method. To evaluate its effectiveness, the MConv-BiLSTM-GAM model
was tested using datasets vectorized with both FastText and GloVe embeddings, with the
results illustrated in Fig. 4. As shown, FastText led to higher performance, with validation
accuracy starting at 90% and reaching 93.43% by the end of training, compared to 84% to
87.08% with GloVe. The average accuracy achieved using FastText (93.32%) is
approximately 6.35% higher than that of GloVe (87.08%), indicating a notable
performance advantage. FastText’s ability to capture subword and character-level
information through character n-grams makes it particularly effective for handling the
morphologically rich and noisy language often found in social media posts during
disasters. This allows for more accurate representation of misspelled or informal words.
Furthermore, analysis of the accuracy-loss curves suggests that training progresses
smoothly without signs of overfitting. This is supported by the application of

Table 1 Comparison of the proposed model’s performance with baseline deep learning models.

Embedding model Classification model Normalized classes Performance evaluation metrics Average value

0 → Negative Precision (%) Recall (%) F1-Score (%) Accuracy (%)
1 → Neutral
2 → Positive

FastText MConv-BiLSTM-GAM 0 92.75 94.18 93.46 93.32

1 93.53 92.20 92.86

2 93.82 93.14 93.48

CNN 0 89.72 92.84 91.25 90.55

1 88.56 92.15 90.32

2 92.93 87.12 89.93

LSTM 0 89.56 93.12 91.30 90.92

1 91.83 89.39 90.59

2 91.88 89.59 90.72

BiLSTM 0 91.31 91.96 91.64 91.12

1 90.19 91.19 90.69

2 91.54 90.20 90.86

GloVe MConv-BiLSTM-GAM 0 89.45 90.90 90.17 89.26

1 88.48 88.07 88.27

2 89.57 88.30 88.93

CNN 0 87.06 88.31 87.68 85.67

1 78.51 88.79 83.34

2 89.76 80.92 85.11

LSTM 0 89.29 88.88 89.08 87.96

1 86.72 86.31 86.51

2 87.37 88.06 87.71

BiLSTM 0 87.54 91.23 89.35 88.06

1 88.64 84.43 86.48

2 88.29 87.04 87.66
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regularization techniques and early stopping, which help improve the model’s
generalization performance.

Figure 5 presents the confusion matrices of the tested algorithms. The results indicate
that the proposed model achieves the highest accuracy when used with FastText. By
maintaining a more balanced and consistent performance across all sentiment classes, the
proposed model minimizes misclassifications. In contrast, the CNN model demonstrates a
higher error rate, particularly in the positive sentiment class, due to its limited ability to
model sequential dependencies. LSTM and BiLSTM models outperform CNN by better
capturing contextual relationships. However, models based on GloVe exhibit a higher
misclassification rate compared to FastText. This discrepancy arises from GloVe’s limited
ability to represent semantic relationships between words. Overall, the proposed model,
when combined with FastText, provides high accuracy and consistency, outperforming
other models in sentiment classification tasks.

To compare training durations, the training times of different word embedding and
classification models were examined over 15 epochs. The CNN model had the shortest
training time with both embeddings, completing in 14 min using FastText and just 2 min

Figure 4 Accuracy-Loss curves of MConv-BiLSTM-GAM model for FastText and GloVe word
embedding techniques. Full-size DOI: 10.7717/peerj-cs.2881/fig-4
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with GloVe. In contrast, the MConv-BiLSTM-GAM model required the longest training
time—249 min with FastText and 50 min with GloVe. The BiLSTM model also showed
relatively longer durations, taking 166 min with FastText and 40 min with GloVe. These
findings indicate that model complexity and the choice of word embedding method
significantly affect training time.

Figure 5 The performance comparison of the classification models based on confusion matrices.
Full-size DOI: 10.7717/peerj-cs.2881/fig-5
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In Table 2, the classification accuracy of the proposed approach was systematically
compared with existing studies on SA of earthquake-related tweets in the literature. The
results indicate that the proposed model demonstrated superior classification
performance, achieving higher accuracy rates than other methodologies previously
introduced in this research domain. This finding suggests that integrating the MConv-
BiLSTM-GAM model effectively enhances sentiment classification accuracy.

Ablation studies were conducted to assess the individual contributions of MConv,
BiLSTM, and GAM within the proposed MConv-BiLSTM-GAM architecture. The full
model achieved the highest accuracy (93.32%) using FastText embeddings, confirming the
strength of the integrated design. Removing GAM reduced accuracy to 92.33%,
highlighting the importance of attention for semantic focus. Further removals of BiLSTM
and MConv led to accuracies of 91.48% and 91.18%, respectively, indicating the value of
sequential modeling and local feature extraction. Models using only LSTM or BiLSTM
underperformed, emphasizing the necessity of combining convolutional, recurrent, and
attention mechanisms. Overall, the results validate the effectiveness of the integrated
architecture for sentiment analysis in noisy social media data during disasters.

Table 2 The performance accuracy of alternative approaches for sentiment analysis on earthquakes.

Model Accuracy (%) Reported by

MConv-BiLSTM-GAM (FastText) 93.32

MConv-BiLSTM-GAM (GloVe) 89.26

MonkeyLearn 0.63 Contreras et al. (2022)

LR + TF 0.88 Behl et al. (2021)

MLP_W 0.85 Behl et al. (2021)

SVM 81.2 Ruz, Henríquez & Mascareño (2020)

Naïve Bayes 74.2 Ruz, Henríquez & Mascareño (2020)

MLP 83.0 Behl et al. (2021)

Random Forest-TF-IDF 76.73 Yao & Wang (2020)

Domain-adversial neural network (DANN) 82.61 Yao & Wang (2020)

SentiBERT-BiLSTM-CNN 92.75 Song & Huang (2021)

CNN + FastText 86.0 Anthony, Hoi Ki Wong & Joyce (2024)

BiLSTM + FastText 84.0 Anthony, Hoi Ki Wong & Joyce (2024)

LSTM + FastText 81.0 Anthony, Hoi Ki Wong & Joyce (2024)

Ensemble deep random vector functional links (edRVFL) 84.29 Henríquez (2024)

BERT-Feed forward neural network layers (BERT-FF) 82.0 Alharm & Naim (2024)

BERT-LSTM 85.43 Alharm & Naim (2024)

BERT 71.0 Blomeier, Schmidt & Resch (2024)

MNB + SMO 87.9 Vo & Collier (2013)

NB + SMOTE + GINI 81.30 Gata et al. (2019)

SVM + SMOTE + GINI 81.03 Gata et al. (2019)

SVM 89.00 Saddam, Dewantara & Solichin (2023)

XGBoost 75.00 Detera et al. (2021)
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CONCLUSIONS
This study presents an effective deep learning-based sentiment classification approach by
integrating a multi-convolution and bidirectional LSTM (MConv-BiLSTM) model with a
GAM. FastText embeddings were used to vectorize tweets, enabling semantic-rich input
representation. The architecture consists of three stages: MConv for extracting local
features via convolutional layers with varying kernel sizes (2 and 3), BiLSTM for capturing
temporal dependencies, and GAM to emphasize semantically significant information.
Given the emotionally intense nature of disaster-related data, similar vocabulary may
occur across sentiment classes. Therefore, the attention mechanism plays a critical role in
distinguishing key emotional indicators. Experimental results confirm the model’s high
performance.

The sentiment analysis, based on a tri-polar classification (positive, negative, neutral),
revealed that 37.08% of tweets were positive, 38.90% negative, and 24% neutral. Despite
similar proportions, the underlying vocabulary differed notably: positive tweets
emphasized support, solidarity, and reassurance, while negative tweets conveyed fear and
destruction. Such emotional expression in disaster contexts can have lasting societal
effects. The proposed model contributes to understanding collective emotional responses
and provides actionable insights for decision-makers to support affected communities
effectively.

Despite its promising outcomes, this study has several limitations. Relying solely on
Twitter data may introduce bias, as platform users may not represent the broader affected
population. Multilingual datasets also pose challenges due to language-specific sentiment
expressions and syntactic differences, potentially affecting generalizability. Moreover,
variations in user behavior and platform policies complicate cross-platform applicability.
The model’s exclusive focus on textual data limits its capacity to capture insights from
multimodal content such as images and videos, which are commonly shared during
disasters. Future research should consider integrating multimodal analysis, testing
cross-platform adaptability, and enhancing linguistic and cultural versatility to improve
the model’s robustness.

ADDITIONAL INFORMATION AND DECLARATIONS

Funding
The authors received no funding for this work.

Competing Interests
The authors declare that they have no competing interests.

Author Contributions
. Serpil Aslan conceived and designed the experiments, performed the experiments,
analyzed the data, performed the computation work, prepared figures and/or tables,
authored or reviewed drafts of the article, and approved the final draft.

Aslan and Yildirim (2025), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.2881 14/18

http://dx.doi.org/10.7717/peerj-cs.2881
https://peerj.com/computer-science/


. Muhammed Yildirim conceived and designed the experiments, performed the
experiments, analyzed the data, performed the computation work, prepared figures and/
or tables, authored or reviewed drafts of the article, and approved the final draft.

Data Availability
The following information was supplied regarding data availability:

The code and dataset are available in the Supplemental File.

Supplemental Information
Supplemental information for this article can be found online at http://dx.doi.org/10.7717/
peerj-cs.2881#supplemental-information.

REFERENCES
Abid F, Alam M, Yasir M, Li C. 2019. Sentiment analysis through recurrent variants latterly on

convolutional neural network of Twitter. Future Generation Computer Systems
95(October):292–308 DOI 10.1016/j.future.2018.12.018.

Acheampong FA, Wenyu C, Nunoo-Mensah H. 2020. Text-based emotion detection: advances,
challenges, and opportunities. Engineering Reports 2(7):e12189 DOI 10.1002/eng2.12189.

Aktas YD, O’Kane A, Ozden AT, Köşker A, Vatteri AP, Durmaz B, Kazantzidou-Firtinidou D,
Cotton D, Contreras D, Verruci E, Çabuk E, Sevil Malcioglu F, Ioannou I, Black J, Cels J,
Baiguera M, Kontoe M, Asinari M, Ercolino M, Esabalioglou M, Free M, Dermanis P,
Burton P, Rostami R, Wilkinson S, Putrino V. 2021. The Aegean earthquake and tsunami of
30 October 2020. A field report by EEFIT. Available at https://www.istructe.org/resources/report/
eefit-mission-report-aegean-30-october-2020/.

Alam KN, Khan MS, Dhruba AR, Khan MM, Al-Amri JF, Masud M, Rawashdeh M. 2021.
[Retracted] Deep learning-based sentiment analysis of COVID-19 vaccination responses from
Twitter data. Computational and Mathematical Methods in Medicine 2021(1):4321131
DOI 10.1155/2021/4321131.

Alharm AO, Naim S. 2024. Enhancing natural disaster response: a deep learning approach to
disaster sentiment analysis using BERT and LSTM.

Anthony P, Hoi Ki Wong J, Joyce Z. 2024. Identifying emotions in earthquake tweets. AI &
SOCIETY 2024:1–18 DOI 10.1007/s00146-024-02044-5.

Araque O, Corcuera-Platas I, Sánchez-Rada JF, Iglesias CA. 2017. Enhancing deep learning
sentiment analysis with ensemble techniques in social applications. Expert Systems with
Applications 77:236–246 DOI 10.1016/j.eswa.2017.02.002.

Aslan S. 2022. A novel TCNN-Bi-LSTM deep learning model for predicting sentiments of tweets
about COVID-19 vaccines. Concurrency and Computation: Practice and Experience 34(28):
e7387 DOI 10.1002/cpe.7387.

Aslan S. 2023. A deep learning-based sentiment analysis approach (MF-CNN-BILSTM) and topic
modeling of tweets related to the Ukraine-Russia conflict. Applied Soft Computing
143(3):110404 DOI 10.1016/j.asoc.2023.110404.

Aslan S, Kaya M. 2018. Topic recommendation for authors as a link prediction problem. Future
Generation Computer Systems 89(7):249–264 DOI 10.1016/j.future.2018.06.050.

Aslan S, Kızıloluk S, Sert E. 2023. TSA-CNN-AOA: Twitter sentiment analysis using CNN
optimized via arithmetic optimization algorithm. Neural Computing and Applications
35(14):10311–10328 DOI 10.1007/s00521-023-08236-2.

Aslan and Yildirim (2025), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.2881 15/18

http://dx.doi.org/10.7717/peerj-cs.2881#supplemental-information
http://dx.doi.org/10.7717/peerj-cs.2881#supplemental-information
http://dx.doi.org/10.7717/peerj-cs.2881#supplemental-information
http://dx.doi.org/10.1016/j.future.2018.12.018
http://dx.doi.org/10.1002/eng2.12189
https://www.istructe.org/resources/report/eefit-mission-report-aegean-30-october-2020/
https://www.istructe.org/resources/report/eefit-mission-report-aegean-30-october-2020/
http://dx.doi.org/10.1155/2021/4321131
http://dx.doi.org/10.1007/s00146-024-02044-5
http://dx.doi.org/10.1016/j.eswa.2017.02.002
http://dx.doi.org/10.1002/cpe.7387
http://dx.doi.org/10.1016/j.asoc.2023.110404
http://dx.doi.org/10.1016/j.future.2018.06.050
http://dx.doi.org/10.1007/s00521-023-08236-2
http://dx.doi.org/10.7717/peerj-cs.2881
https://peerj.com/computer-science/


Avcil F, Işık E, İzol R, Büyüksaraç A, Arkan E, Arslan MH, Aksoylu C, Eyisuren O, Harirchian
E. 2024. Effects of the February 6, 2023, Kahramanmaraş earthquake on structures in
Kahramanmaraş city. Natural Hazards, Springer; International Society for the Prevention and
Mitigation of Natural Hazards, Vol. 120, No. 3, 2953–2991 DOI 10.1007/s11069-023-06314-1.

Bahdanau D, Cho K, Bengio Y. 2014. Neural machine translation by jointly learning to align and
translate. ArXiv DOI 10.48550/arXiv.1409.0473.

Bashir S, Bano S, Shueb S, Gul S, Mir AA, Ashraf R, Noor N. 2021. Twitter chirps for Syrian
people: sentiment analysis of tweets related to Syria chemical attack. International Journal of
Disaster Risk Reduction 62(1):102397 DOI 10.1016/j.ijdrr.2021.102397.

Basiri ME, Nemati S, Abdar M, Cambria E, Acharya UR. 2021. ABCDM: an attention-based
bidirectional CNN-RNN deep model for sentiment analysis. Future Generation Computer
Systems 115(3):279–294 DOI 10.1016/j.future.2020.08.005.

Behl S, Rao A, Aggarwal S, Chadha S, Pannu HS. 2021. Twitter for disaster relief through
sentiment analysis for COVID-19 and natural hazard crises. International Journal of Disaster
Risk Reduction 55(1):102101 DOI 10.1016/j.ijdrr.2021.102101.

Blomeier E, Schmidt S, Resch B. 2024. Drowning in the information flood: machine-learning-
based relevance classification of flood-related tweets for disaster management. Information
15(3):149 DOI 10.3390/info15030149.

Contreras D, Wilkinson S, Alterman E, Hervás J. 2022. Accuracy of a pre-trained sentiment
analysis (SA) classification model on tweets related to emergency response and early recovery
assessment: the case of 2019 Albanian earthquake. Natural Hazards 113(1):403–421
DOI 10.1007/s11069-022-05307-w.

Contreras D, Wilkinson S, Fallou L, Landès M, Tomljenovich I, Bossu R, James P. 2021.
Assessing emergency response and early recovery using sentiment analysis (SA). The case of
Zagreb. In: 1st Croatian Conference on Earthquake Engineering (1CroCEE).

Contreras D, Wilkinson S, James P. 2021. Earthquake reconnaissance data sources, a literature
review. Earth 2(4):1006–1037 DOI 10.3390/earth2040060.

Crooks A, Croitoru A, Stefanidis A, Radzikowski J. 2013. # Earthquake: Twitter as a distributed
sensor system. Transactions in GIS 17(1):124–147 DOI 10.1111/j.1467-9671.2012.01359.x.

Detera BJ, Kodaka A, Kohtake N, Nishino A, Onda K. 2021. An English-Japanese Twitter-based
analysis of disaster sentiment during typhoons and earthquakes. In: 2021 IEEE International
Symposium on Systems Engineering (ISSE). Piscataway: IEEE, 1–8.

Gata W, Amsury F, Wardhani NK, Sugiyarto I, Sulistyowati DN, Saputra I. 2019. Informative
tweet classification of the earthquake disaster situation in Indonesia. In: 2019 5th International
Conference on Computing Engineering and Design (ICCED). Piscataway: IEEE, 1–6.

Go A, Bhayani R, Huang L. 2009. Twitter sentiment classification using distant supervision.
CS224N project report, Stanford, 1(12).

Henríquez PA. 2024. Sentiment classification on Twitter (X) through ensemble deep random
vector functional links. In: 2024 International Conference on Machine Learning and Applications
(ICMLA). Piscataway: IEEE, 1628–1632.

Kamyab M, Liu G, Adjeisah M. 2021. Attention-based CNN and Bi-LSTM model based on
TF-IDF and glove word embedding for sentiment analysis. Applied Sciences 11(23):11255
DOI 10.3390/app112311255.

Kropivnitskaya Y, Tiampo KF, Qin J, Bauer MA. 2017. The predictive relationship between
earthquake intensity and tweets rate for real-time ground-motion estimation. Seismological
Research Letters 88(3):840–850 DOI 10.1785/0220160215.

Aslan and Yildirim (2025), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.2881 16/18

http://dx.doi.org/10.1007/s11069-023-06314-1
http://dx.doi.org/10.48550/arXiv.1409.0473
http://dx.doi.org/10.1016/j.ijdrr.2021.102397
http://dx.doi.org/10.1016/j.future.2020.08.005
http://dx.doi.org/10.1016/j.ijdrr.2021.102101
http://dx.doi.org/10.3390/info15030149
http://dx.doi.org/10.1007/s11069-022-05307-w
http://dx.doi.org/10.3390/earth2040060
http://dx.doi.org/10.1111/j.1467-9671.2012.01359.x
http://dx.doi.org/10.3390/app112311255
http://dx.doi.org/10.1785/0220160215
http://dx.doi.org/10.7717/peerj-cs.2881
https://peerj.com/computer-science/


Kropivnitskaya Y, Tiampo KF, Qin J, Bauer MA. 2018. Real-time earthquake intensity estimation
using streaming data analysis of social and physical sensors. Earthquakes and Multi-Hazards
Around the Pacific Rim I:137–155 DOI 10.1007/978-3-319-71565-0.

Li L, Goh TT, Jin D. 2020. How textual quality of online reviews affect classification performance:
a case of deep learning sentiment analysis. Neural Computing and Applications 32(9):4387–4415
DOI 10.1007/s00521-018-3865-7.

Liu G, Guo J. 2019. Bidirectional LSTM with attention mechanism and convolutional layer for text
classification. Neurocomputing 337(5):325–338 DOI 10.1016/j.neucom.2019.01.078.

Ma D, Li S, Zhang X, Wang H. 2017. Interactive attention networks for aspect-level sentiment
classification. ArXiv DOI 10.48550/arXiv.1709.00893.

MAXQDA. 2020. We used MAXQDA 2020 (VERBI Software). Available at https://www.maxqda.
com.

Medhat W, Hassan A, Korashy H. 2014. Sentiment analysis algorithms and applications: a survey.
Ain Shams Engineering Journal 5(4):1093–1113 DOI 10.1016/j.asej.2014.04.011.

Mendon S, Dutta P, Behl A, Lessmann S. 2021. A hybrid approach of machine learning and
lexicons to sentiment analysis: enhanced insights from Twitter data of natural disasters.
Information Systems Frontiers 23(5):1145–1168 DOI 10.1007/s10796-021-10107-x.

Pak A, Paroubek P. 2010. Twitter as a corpus for sentiment analysis and opinion mining. In:
Proceedings of the International Conference on Language Resources and Evaluation, LREC. Vol.
10, 1320–1326.

Reagen B, Gupta U, Pentecost L, Whatmough P, Lee SK, Mulholland N, Brooks D, Wei GY.
2018. Ares: a framework for quantifying the resilience of deep neural networks. In: Proceedings
of the 55th Annual Design Automation Conference. New York: ACM, 1–6.

Ruz GA, Henríquez PA, Mascareño A. 2020. Sentiment analysis of Twitter data during critical
events through Bayesian networks classifiers. Future Generation Computer Systems 106(1):92–
104 DOI 10.1016/j.future.2020.01.005.

Saddam MA, Dewantara EK, Solichin A. 2023. Sentiment analysis of flood disaster management
in Jakarta on Twitter using support vector machines. Sinkron: Jurnal dan Penelitian Teknik
Informatika 7(1):470–479 DOI 10.33395/sinkron.v8i1.12063.

Schumann RL III. 2018. Ground truthing spatial disaster recovery metrics with participatory
mapping in post-Katrina Mississippi. Applied Geography 99(2):63–76
DOI 10.1016/j.apgeog.2018.08.003.

Shi Y, Tian Y, Kou G, Peng Y, Li J. 2011.Optimization based data mining: theory and applications.
Cham: Springer Science & Business Media.

Simon T, Goldberg A, Adini B. 2015. Socializing in emergencies—a review of the use of social
media in emergency situations. International Journal of Information Management 35(5):609–
619 DOI 10.1016/j.ijinfomgt.2015.07.001.

Song G, Huang D. 2021. A sentiment-aware contextual model for real-time disaster prediction
using twitter data. Future Internet 13(7):163 DOI 10.3390/fi13070163.

Tam S, Said RB, Tanriöver ÖÖ. 2021. A ConvBiLSTM deep learning model-based approach for
Twitter sentiment classification. IEEE Access 9:41283–41293
DOI 10.1109/ACCESS.2021.3064830.

Tehseen R, Farooq MS, Abid A. 2020. Earthquake prediction using expert systems: a systematic
mapping study. Sustainability 12(6):2420 DOI 10.3390/su12062420.

Aslan and Yildirim (2025), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.2881 17/18

http://dx.doi.org/10.1007/978-3-319-71565-0
http://dx.doi.org/10.1007/s00521-018-3865-7
http://dx.doi.org/10.1016/j.neucom.2019.01.078
http://dx.doi.org/10.48550/arXiv.1709.00893
https://www.maxqda.com
https://www.maxqda.com
http://dx.doi.org/10.1016/j.asej.2014.04.011
http://dx.doi.org/10.1007/s10796-021-10107-x
http://dx.doi.org/10.1016/j.future.2020.01.005
http://dx.doi.org/10.33395/sinkron.v8i1.12063
http://dx.doi.org/10.1016/j.apgeog.2018.08.003
http://dx.doi.org/10.1016/j.ijinfomgt.2015.07.001
http://dx.doi.org/10.3390/fi13070163
http://dx.doi.org/10.1109/ACCESS.2021.3064830
http://dx.doi.org/10.3390/su12062420
http://dx.doi.org/10.7717/peerj-cs.2881
https://peerj.com/computer-science/


Vaswani A, Shazeer N, Parmar N, Uszkoreit J, Jones L, Gomez AN, Kaiser L, Polosukhin I.
2017. Attention is all you need. Advances in Neural Information Processing Systems 30:5998–
6008 DOI 10.48550/arXiv.1706.03762.

Vo BKH, Collier N. 2013. Twitter emotion analysis in earthquake situations. International Journal
of Linguistics and Computational Applications 4(1):159–173.

Wang Q, Ma Y, Zhao K, Tian Y. 2020. A comprehensive survey of loss functions in machine
learning. Annals of Data Science 9:1–26 DOI 10.1007/s40745-020-00253-5.

Wen S, Li J. 2018. Recurrent convolutional neural network with attention for Twitter and yelp
sentiment classification: ARC model for sentiment classification. In: Proceedings of the 2018
International Conference on Algorithms, Computing and Artificial Intelligence. New Year: ACM,
1–7.

Wu D, Cui Y. 2018. Disaster early warning and damage assessment analysis using social media
data and geo-location information. Decision Support Systems 111:48–59
DOI 10.1016/j.dss.2018.04.005.

Yang Z, Yang D, Dyer C, He X, Smola A, Hovy E. 2016. Hierarchical attention networks for
document classification. In: Proceedings of the 2016 Conference of the North American Chapter of
the Association for Computational Linguistics: Human Language Technologies, 1480–1489.

Yao F, Wang Y. 2020. Domain-specific sentiment analysis for tweets during hurricanes (DSSA-H):
a domain-adversarial neural-network-based approach. Computers, Environment and Urban
Systems 83(6):101522 DOI 10.1016/j.compenvurbsys.2020.101522.

Yoon J, Kim H. 2017. Multi-channel lexicon integrated CNN-BiLSTM models for sentiment
analysis. In: Proceedings of the 29th Conference on Computational Linguistics and Speech
Processing (ROCLING 2017), 244–253.

Zhang L, Wang S, Liu B. 2018. Deep learning for sentiment analysis: a survey. Wiley
Interdisciplinary Reviews: Data Mining and Knowledge Discovery 8(4):e1253
DOI 10.1002/widm.1253.

Zheng L, Wang H, Gao S. 2018. Sentimental feature selection for sentiment analysis of Chinese
online reviews. International Journal of Machine Learning and Cybernetics 9:75–84
DOI 10.1007/s13042-015-0347-4.

Aslan and Yildirim (2025), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.2881 18/18

http://dx.doi.org/10.48550/arXiv.1706.03762
http://dx.doi.org/10.1007/s40745-020-00253-5
http://dx.doi.org/10.1016/j.dss.2018.04.005
http://dx.doi.org/10.1016/j.compenvurbsys.2020.101522
http://dx.doi.org/10.1002/widm.1253
http://dx.doi.org/10.1007/s13042-015-0347-4
http://dx.doi.org/10.7717/peerj-cs.2881
https://peerj.com/computer-science/

	A novel attention-based deep learning model for improving sentiment classification after the case of the 2023 Kahramanmaras/Turkey earthquake on Twitter ...
	Introduction
	Related works
	The proposed system
	Discussions and experimental results
	Conclusions
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /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 /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /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 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile (None)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /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 true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /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 true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Average
  /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 (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. 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 Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /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
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


