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SUMMARY 

Social Media Detection of Adverse Drug Reactions (ADRs) has evolved as an important technique for 

today's pharmacovigilance. Real-time detection through social media platforms such as Twitter has been 

proven effective but has been hindered by issues related to linguistic noise, syntactic variations, and 

imbalanced data. In this paper, a new Deep Convolutional Recurrent State Space Model (DCR-SSM) 

coupled with a decision tree (DT) and a bag of words (BoW) is presented. Domain-specific normalization 

and filtering of noise will be conducted to improve data quality. Feature engineering techniques include 

high-impact feature selection using the Decision Tree approach with information gain and BoW encoding 

of features in numeric vector format. DCR-SSM is designed to exploit the benefits of the convolution 

operation for feature extraction, recurrent neural networks with Bi-LSTM/GRU layers for sequence 

processing, and State Space Models (SSM) for managing long-distance dependencies. The experimental 

tests carried out using the SMM4H and TwiMed datasets prove that the architecture is superior, 

registering an accuracy score of 93.81%, a precision rate of 91.33%, a recall score of 96.80%, and an F1 

score of 93.99%. In addition, the architecture scored a commendable ROC-AUC score of 97.90%. The 

results confirm that the architecture performs effectively when handling complex social media datasets. 

Key words: adverse drug reaction (ADR), pharmacovigilance, deep learning, decision tree feature 

selection, bag-of-words (BoW), state space model, Bi-LSTM. 

INTRODUCTION 

Drug safety also involves pharmacovigilance, which enables the identification, assessment, and 

counteractions of adverse reactions of pharmaceutical products. In the past, adverse drug reactions 

(ADRs) were reported through systems such as clinical trials and other spontaneous reporting databases 

[1]. However, the features of these systems are failure to report, delayed reporting, and inefficient 
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population coverage, which affect the effectiveness of real-time drug safety surveillance. Due to the 

rapid growth of digital communications, social media networks, and Twitter, in particular, may prove to 

be a viable option as an addition to real-time records of patient ADRs [26]. 

Despite this, the social media data is a challenging job to glean relevant ADR information [3][27]. 

Tweets tend to be short, casual, and contain casual language, shortenings, spelling mistakes, as well as 

slang terms specific to the field. Furthermore, such data that are related to ADR are a small fraction of 

the entire data, posing issues of class imbalance and biasing the models to non-ADR predictions [5][28]. 

The latter have seen the necessity to come up with powerful Natural Language Processing (NLP) 

techniques capable of processing noisy text and identifying pertinent medical information [2][7][8]. 

Existing ADR detection systems include legacy machine learning systems and deep learning systems 

such as Convolutional Neural Networks (CNNs), Recurrent Neural Networks (RNNs)[9][10]. CNNs 

may be used for deriving local contexts, although CNNs are not capable of representing long-range 

contexts in the case of textual data [11]. Alternatively, networks with RNNs can also be trained to learn 

sequential dependencies, like Long Short-Term Memory (LSTM) and Gated Recurrent Units (GRU), 

but can suffer gradient vanishing or gradient explosion, especially on long sequences [12]. Moreover, 

many of these modern methods are founded on manually crafted characteristics or packed 

representations, which do not always have the ability to depict the complicated and nonlinear 

connections of noisy social media text [13]. 

To address these weaknesses, a novel Deep Convolutional Recurrent State Space Model (DCR-SSM) 

framework is proposed in this paper in order to detect strong ADR. The method that will be used will 

be a combination of Decision Tree (DT)-based feature selection, where the most informative features of 

the text are selected, which will result in dimensionality reduction and increased computational 

efficiency [14]. These features would be encoded using the bag-of-words (BoW) representation 

technique to create a structured input vector [15]. The architecture of BoW representation is built based 

on the concept of DCR-SSM, which consists of convolutional layers for extracting local features, 

recurrent layers to learn context-based sequences, and an SSM layer to model the long-term dependency 

[16]. 

The advantages of using feature selection, statistical encoding, and deep learning algorithms will be 

exploited in the proposed model to improve the robustness and accuracy of ADR detection from social 

media content [4][17]. The study will also contribute to the development of automated 

pharmacovigilance systems measurement by offering an efficient and scalable answer to real-time drug 

safety monitoring with the help of publicly available textual data [18]. 

Key Contributions of the Research 

➢ Introduced a new Deep Convolutional Recurrent State Space Model (DCR-SSM) that is capable 

of capturing local patterns of text as well as long-range relationships to identify accurate ADRs. 

➢ joint Decision Tree (DT)-based feature selection and Bag-of-Words (BoW) encoding to eliminate 

dimensionality and enhance the performance of classification, using noisy social media data. 

➢ Developed a strong structural framework that is specifically trained on Twitter data and overcomes 

difficulties such as informal language and the imbalance between classes to improve real-time 

pharmacovigilance. 

The rest of the paper is organized in the following way: Section 2 will detail a literature review of the 

existing solutions to Adverse Drug Reaction (ADR) detection, and the weaknesses of the existing 

machine learning and deep learning solutions. Section 3 talks about the intended methodology, including 

preprocessing of data, feature selection by means of a Decision Tree, Bag-of-Words encoding, and Deep 

Convolutional Recurrent State Space Model (DCR-SSM) architecture. Section 4 details the experiment 

design, data source, assessment measure, and the outcomes that were derived from the data. Section 5 

provides a detailed discussion of the outcomes, compares the model proposed in this paper with current 

practice, and evaluates its efficiency. Section 6 finally closes the paper with a summary of key findings 

and future research directions. 
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LITERATURE REVIEW 

The foundational aspect of Zhang et al. [19] lies in identifying an ADR through social media by using 

the feature representation extraction process based on the deep language features. The feature 

representation combination is made of the surface level of the linguistic components, such as  

part-of-speech tagging and syntactic parsing, together with the deep language semantic information 

provided by neural network models. The combination of feature representations helps the model learn 

the informal and context-sensitive nature of social media texts, especially on social media websites. The 

study emphasized that the conventional feature-based strategies tend not to take into consideration the 

contextual sense and implicit elements of ADRs that are typically presented in a colloquial language. 

Their model was demonstrated to have high classification precision and F1-score when they were 

compared to traditional machine learning methods, which used a considerable amount of trial and error. 

In the study, it is clear that the combination of syntactic and semantic information can enhance the 

strength of ADR detection systems, rendering them very suitable in the context of handling complex 

linguistic patterns in the social media context in the real world. 

Srivastava et al. [20] provide a detailed study on the problem of handling large-scale streams of social 

media data and applying them to healthcare analytics, specifically, to ADR detection. They noted that 

the dynamic and rapidly changing content in social media, the speed of data, and the existence of 

unorganized and noisy textual information were the important issues that were presented in their study. 

The study indicated that conventional data processing and machine learning algorithms are usually not 

sufficient to manage such intricate and real-time data streams. They noted that there is a need for 

elaborate intelligent models that are able to capture temporal dynamics as well as contextual differences 

within the data. Also, the paper elaborated on the need to have scalability and flexibility in the design of 

systems to monitor ADRs continuously. Their conclusions imply that the next generation of research 

ought to be aimed at implementing the real-time data processing functions with the state-of-the-art  

deep-learning architectures to ensure adequate solutions to the challenges of social-media-based 

pharmacovigilance. 

Dai et al. [21] discussed how feature engineering can be used to enhance adverse drug reaction detection 

on Twitter posts. Their research was aimed at retrieving both statistical and linguistic features, the 

frequency of terms, the patterns of lexicon, and the structures of syntax, to improve the representation 

of textual information. They used models like Conditional Random Fields (CRF) with feature selection 

strategies to enhance the classification performance. This study revealed that domain-specific and 

carefully designed features can greatly increase the accuracy of ADR detection models, despite the 

availability of noisy and unstructured data. They, however, also recognized the shortcomings of the 

traditional feature engineering methods, especially in terms of scalability and the failure to extract deep 

semantic relations in the text. The research came to the conclusion that feature engineering is still 

significant, but it is necessary to supplement it with the advanced methods of learning to manage the 

growing complexity of social media data. 

Huang et al. [22] touched upon the class imbalance. They found that the percentage of ADR-related 

posts in the entire dataset is very low and results in biased learning; in this case, the majority non-ADR 

class is favored by the models. To address this problem, the study suggested deep learning-based 

classification methods with data balancing methods, including resampling and cost-sensitive learning. 

They further noted the need to adopt reasonable evaluation metrics, including precision, recall, and  

F1-score, as opposed to using the accuracy alone. The experiment proved that the reliability and strength 

of ADR detecting systems are enhanced considerably when the issue of class imbalance is addressed. 

The research indicates that it is necessary to come up with balanced and equitable models that are able 

to find rare yet important ADR events in real environments. 

Hayawi et al. [23] have described the review of deep learning methods used in the analysis of social 

media and specifically in medical care, such as ADR detection. Their work explored several deep 

learning systems, such as Convolutional Neural Networks (CNNs), Recurrent Neural Networks (RNNs), 

as well as hybrid systems such as CNN-LSTM. The study has emphasized the fact that hybrid 

architectures are especially effective in acquiring both spatial (local) and sequential (temporal) features 
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of textual data and hence enhance the performance of classification. They also talked about the benefits 

of the deep learning models to automatically learn feature representations, and thus minimize manual 

feature engineering. Nevertheless, the research found that there are a few challenges, such as variability 

of data, generalizability of models, and a lack of large annotated data. The study proposed that in future 

studies, more powerful and generalizable models should be developed and that the multimodal 

integration of data should be investigated to improve the performance. 

Guellil et al [24]. introduced an extensive literature review on the Natural Language Processing  

(NLP)-based method of identifying adverse drug events (ADEs) on social media platforms [6]. The 

research examined more than 100 articles that have been released after 2017 and divided them into the 

following tasks: classification, extraction, normalization, and corpus creation. The study emphasized 

that the models based on transformers, in particular, BERT and its modifications, prevail in the existing 

paradigm (because of their better sense of context). Nevertheless, these challenges have been found to 

be mainly an imbalance of data, language problems, and disproportionate annotation procedures. This 

paper has focused on the need for better models to be applied in practical pharmacovigilance. 

Schreier et al. [25] have created a machine learning framework whereby different sources of biomedical 

data (such as FAERS, DrugBank, and SIDER) are incorporated to increase the ability of the model to 

detect adverse drug reactions. The study sought to incorporate heterogeneous datasets with the aim of 

increasing context and pharmacological information, which is usually not incorporated in single-source 

data. It has been found that the use of several sources of data has a considerable impact on the ability to 

predict ADRs by these systems. Other concerns raised by Schreier et al. [25] include integration of data 

in terms of inconsistencies, missing values, and various forms of data. Despite these concerns, the 

findings revealed that the combination of various sources of data improves pharmacovigilance 

significantly. The findings bring out the importance of using diverse data sources to enhance the 

performance of ADR detection systems. 

Table 1. Comparative analysis of existing literature on ADR detection from social media 

Authors Methodology 
Dataset / Simulation 

Environment 
Research gap 

Zhang et al. 

[19] 

Deep linguistic feature extraction 

combining syntactic (POS, structure) 

and deep semantic representations 

using neural networks 

Social media data (Twitter-

based ADR datasets) 

Limited ability to capture long-range 

dependencies and temporal 

dynamics; lacks robustness for highly 

noisy and imbalanced data. 

Srivastava 

et al. [20] 

Analysis of large-scale social media 

streams using intelligent models for 

temporal and contextual understanding 

Real-time social media 

streams (Twitter and 

similar platforms) 

Absence of a unified deep learning 

framework for handling both real-

time processing and accurate ADR 

classification 

Dai et al. 

[21] 

Feature engineering using statistical 

and linguistic features with 

Conditional Random Fields (CRF) and 

feature selection techniques. 

Twitter ADR datasets 

Traditional feature engineering lacks 

scalability and fails to capture deep 

semantic relationships in complex 

text. 

Huang et al. 

[22] 

Deep learning-based classification 

with resampling and cost-sensitive 

techniques to address class imbalance 

Social media ADR datasets 

Class imbalance handling is not fully 

optimized; limited exploration of 

hybrid deep architectures for 

improved performance. 

Hayawi et 

al. [23] 

Review of deep learning models 

including CNN, RNN, and hybrid 

CNN-LSTM architectures 

Multiple benchmark 

datasets from social media 

analysis 

Lack of generalization across 

datasets and insufficient focus on 

integrating advanced architectures 

like state space models 

Guellil et al. 

[24] 

Comprehensive review of NLP 

methods including transformer-based 

models (BERT and variants) for ADR 

detection 

Large-scale studies (2017–

2025) across multiple 

datasets 

Challenges in multilingual 

processing, annotation inconsistency, 

and lack of explainable and scalable 

models 

Schreier et 

al. [25] 

Multi-source data integration using 

machine learning (FAERS, DrugBank, 

SIDER) 

Biomedical databases and 

pharmacovigilance datasets 

Integration complexity and lack of 

efficient models to combine 

heterogeneous data with social media 

inputs 

Table 1 presents a systematic review of the literature regarding the detection of adverse drug reactions 

(ADR) based on information from social media. It introduces such key aspects of research as methods 

applied, data sets, and simulated environments, and gaps that are discovered in any study. As the analysis 
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shows, some methods use deep learning, feature engineering, and data integration methods, although 

they continue to encounter serious problems, such as dealing with noisy and imbalanced data,  

long-range dependencies, and scalability and generalization. Further, limitations in the form of a lack of 

real-time processing, absence of multilingual support, and failure to combine heterogeneous sources of 

data are still prevalent in most studies. The presence of such gaps creates the need to have stronger, 

hybrid, and scalable frameworks, which triggers the development of the proposed Deep Convolutional 

Recurrent State Space Model (DCR-SSM) that can produce superior results in ADR detection. 

METHODOLOGY 

Data Preprocessing 

The preprocessing of text in social media plays a significant role in training the identification of Adverse 

Drug Reaction (ADR). In this paper, publicly available datasets are involved, such as SMM4H and 

TwiMed, and include a set of posts that are annotated on Twitter and mention drugs along with their 

potential side effects. The raw tweets are first tokenized to divide up the text into meaningful units, and 

then normalized by standardizing the difference in drug names and medical terminologies with lexicons 

in medical domains, such as MedDRA. Noise cancellation is achieved by getting rid of immaterial 

objects such as URLs, hashtags, user mentions, emojis, and special characters, which do not carry any 

semantic meaning. Moreover, the text presentation inconsistency is decreased with the help of small 

letters and numerous spelling errors. Stop words will not be filtered out to avoid medically significant 

words. This preprocessing pipeline will guarantee that textual data is purged, structured, and removed 

to features (improving the overall usability and reliability of the ADR classification model). 

 

Figure 1. Data preprocessing pipeline for ADR detection from social media 

In figure 1 represents the entire data preprocessing pipeline to be used to process raw Twitter data during 

the detection of Adverse Drug Reaction (ADR). The initial step is the tokenization phase, during which 

tweets are divided into meaningful portions, which are further processed. This is followed by 

normalization, where medical terms are standardized with the help of medical domain lexicons such as 

MedDRA in order to standardize drug-related terms. Stop word removal entails the deletion of irrelevant 

and repetitive words and the preservation of medically significant words. Incorrect spelling and  

lower-case letters are carried out in a manner that minimizes differences in text and enhances uniformity. 
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Moreover, need silence as it will enable us to filter the content that do not desire in the URLs, hashtags, 

user mentions, emojis, and special characters, which are not part of the meaningful analysis. All of these 

actions will be able to turn the unstructured and noisy social media text into clean and structured text, 

which will, in turn, increase the utility and accuracy of the next model of ADR classification to a much 

greater extent. 

Feature Selection Using Decision Tree (DT) 

A critical consideration that is taken to reduce the dimensionality and enhance the effectiveness of ADR 

identification models is the feature selection approach. This work employs a feature selection procedure 

which is based on a Decision Tree (DT) to identify the best and most informative and discriminative 

features out of the textual information that has been preprocessed. The DT algorithm scores feature by 

some statistical measure, such as Information Gain or Gini Impurity, and ranks them by the degree of 

contribution to the classification performance. The characteristics which provide more discriminatory 

power on ADR and non-ADR classes are not not dropped and the other less useful or redundant 

characteristics are not dropped. It does not only complicate the computation, but also helps to reduce 

overfitting as it only concentrates on the required attributes. In addition, the selection with the help of 

DT makes the models more interpretable as it focuses on the significance of key words related to adverse 

drug reactions. This will be beneficial in eliminating the noise and irrelevant tokens and the succeeding 

encoding and classification processes will be done on a reduced and significant feature space. 

 

Figure 2. Decision tree-based feature selection process 

The figure 2 demonstrates that a Decision Tree was employed to carry out feature selection in order to 

identify ADR. It begins with processed textual information which has been cleansed and normalized. 

The Decision Tree evaluation stage then uses the features and analyzes them and ranks by their 

discriminative ability using such measures as Information Gain/Gini Index. The second step is featuring 

selection which entails the retention of the most informative and relevant features and elimination of 

redundant or less informative features. Finally, an optimized set of features is generated which may 

serve as an optimized input to the encoding and classification processes. It can facilitate dimensionality 

reduction, computational effectiveness, and the general performance of the ADR detection model. 

Text Encoding Using Bag-of-Words (BoW) 

After the features have been chosen, the textual data that has been narrowed down is then transformed 

into a numerical format using the Bag-of-Words (BoW) encoding technique. In such an approach, a 

tweet is regarded as a vector based on the frequency or the occurrence of the words of choice in the 

document. The vocabulary can be constructed in BoW model by building a feature space on the basis of 

the chosen features and projecting each tweet in a fixed dimensional space where each dimension 

corresponds to a specific word. Nevertheless, despite being easy, BoW can be applied in determining 
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the presence and meaning of key tokens regarding ADR expressions. The properties chosen by the DT 

also render the BoW representation small and concentrated because the BoW is not that  

high-dimensional, as the raw encoding of texts is. This representation hierarchy allows machine learning 

and deep learning systems to be useful in textual data. Furthermore, it is possible to accurately identify 

ADR with the help of BoW encoding because it provides a computationally efficient and interpretable 

input to the given DCR-SSM classifier. 

 

Figure 3. Bag-of-words (BoW) encoding process for ADR detection 

In figure 3 represents a diagram of Bag-of-Words (BoW) encoding process model used in the detection 

of ADRs in text-based data. It begins with the feature selection stage in which the refined and useful 

textual features are chosen in the processed data. Through these selected features, vocabulary is made, 

the characteristic set of significant words. The representation of Tweets, frequency or presence of words 

is then turned into a numerical vector of a Tweet. In mapping stage of the vector dimension, the 

dimensions are connected to a particular term in the vocabulary, which produces a structured image of 

the text. This data can be then processed by machine learning models in a vectorized format and it is 

possible to analyze it and classify it successfully. Finally, the quite clear representation makes it possible 

to determine the adverse drug reactions correctly because the key terms connected with the reaction 

could be traced. 

Information Gain for Feature Selection (Decision Tree) 

𝐼𝐺(𝑆, 𝐴) = 𝐻(𝑆) − ∑
∣𝑆𝑣∣

∣𝑆∣
𝐻(𝑆𝑣)𝑣∈𝑉𝑎𝑙𝑢𝑒𝑠(𝐴)                              (1) 

Information Gain (𝐼𝐺) is used in equation 1 the Decision Tree algorithm to evaluate the importance of 

each feature for classification. It measures how much uncertainty (entropy) is reduced when the dataset 

𝑆 is split based on an attribute 𝐴. Here, 𝐻(𝑆) represents the entropy of the entire dataset, while 𝐻(𝑆𝑣) 

denotes the entropy of subsets created after splitting by feature 𝐴. The term 
∣𝑆𝑣∣

∣𝑆∣
 represents the proportion 

of samples in each subset. A higher Information Gain indicates that the feature is more effective in 

distinguishing between ADR and non-ADR classes. In this research, features with higher 𝐼𝐺 values are 

selected to improve model performance and reduce dimensionality. 

Bag-of-Words (BoW) Vector Representation 

𝑋 = [𝑥1, 𝑥2, 𝑥3, … , 𝑥𝑛]                                                    (2) 

The Bag-of-Words (BoW) model represents as equation 2 each tweet as a numerical vector 𝑋, where 

each element 𝑥𝑖 corresponds to the frequency or occurrence of a specific word from the selected 

vocabulary. The size of the vector depends on the number of selected features after Decision Tree-based 

filtering. Each of the components records the number of times that a specific term is used in the tweet, 
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ignoring grammar and word sequence, but retaining valuable key-word data. It is an efficient and 

straightforward representation of text data that converts it into a structured format that is capable of 

being processed by machine learning and deep learning architectures. BoW encoding can be useful in 

this work to emphasize ADR-related words and feed the proposed DCR-SSM model with a compact 

input to enhance the efficiency of classification. 

State transition: This equation defines how the hidden state ℎ𝑘 evolves over a sequence of tokens to 

maintain a memory of the ADR context (Equation 3& 4): 

ℎ𝑘 = 𝐀̀ℎ𝑘−1 + 𝐁̀𝑢𝑘                                                          (3) 

 where the hidden state ℎ𝑘at step 𝑘is influenced by the previous state ℎ𝑘−1and the input 𝑢𝑘.  

𝑦𝑘 = 𝐂ℎ𝑘                                                                           (4) 

 where the output 𝑦𝑘at step 𝑘is derived from the current hidden state ℎ𝑘. 

Algorithm:  

Input: Raw Twitter dataset D 

Output: Predicted ADR labels 

Step 1: Data Preprocessing 

    for each tweet t in D do 

        tokenize(t) 

        normalize(t) using medical lexicon 

        remove noise (URLs, mentions, emojis) 

    end for 

Step 2: Feature Selection (Decision Tree) 

    compute Information Gain for all features 

    rank features based on importance 

    select top-k relevant features → F 

Step 3: Text Encoding (BoW) 

    create vocabulary V from F 

    for each tweet t in D do 

        convert t into BoW vector X 

    end for 

Step 4: Model Training (DCR-SSM) 

    input X into Convolutional Layer → extract local features 
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    pass output to Recurrent Layer (Bi-LSTM/GRU) 

    apply State Space Model (SSM) for long dependencies 

Step 5: Classification 

    apply Softmax layer to predict ADR / non-ADR 

Step 6: Evaluation 

    compute Accuracy, Precision, Recall, F1-score 

Return predicted labels 

The proposed algorithm will begin with the preprocessing of raw Twitter information to remove noise 

and standardize medical terms in order to make the input content meaningful and clean. This is followed 

by a Decision Tree-based feature selection tool, which would select the most useful features based on 

Information Gain, and would help in eliminating the dimensionality and increasing efficiency. The 

selected features are then fed into the Bag-of-Words (BoW) model that produces numeric vectors and 

frequency of meaningful terminologies. The coded data is inserted into the DCR-SSM model where the 

convolutional layers detect local patterns, recurrent layers detect recurrent dependencies, and State 

Space Model detects long-range relationships. Lastly, the Softmax classifier makes a prediction on 

whether a tweet has an ADR or not. The model is measured in terms of standard measures of 

performance to make sure there is robustness and reliability in detecting ADR using social media 

information. 

EXPERIMENTAL RESULTS 

Experimental Setup, Dataset, and Parameter Initialization 

The proposed experimental framework will test the usefulness of the proposed DCR-SSM model to 

detect ADRs based on social media data presented in table 2.  

Table 2. Experimental setup, dataset, and model parameter initialization 

Parameter Description Value / Configuration 

Dataset Source of data for ADR detection SMM4H, TwiMed (Twitter data) 

Data Split Training / Validation / Testing 70% / 15% / 15% 

Programming Tool Implementation environment Python 

Framework Deep learning libraries TensorFlow / PyTorch 

Hardware Computational setup GPU-enabled system 

Batch Size Number of samples per training batch 32 / 64 

Learning Rate Step size for optimizer 0.001 

Optimizer Optimization algorithm Adam 

Epochs Number of training iterations 15 – 50 

Convolution Layer Feature extraction Multiple filters (3, 4, 5 kernel sizes) 

Recurrent Layer Sequential modeling Bi-LSTM / GRU 

Hidden Units Number of neurons in RNN 64 / 128 

Dropout Rate Regularization technique 0.3 – 0.5 

Feature Selection Dimensionality reduction Decision Tree (Information Gain) 

Encoding Method Text representation Bag-of-Words (BoW) 

Evaluation Metrics Performance measurement Accuracy, Precision, Recall, F1-score 

The publicly available benchmark datasets used include SMM4H and TwiMed that consist of annotated 

Twitter posts that are either classified as ADR or non-ADR. The general 70:15:15 ratio of training, 

validation, and testing data sets is used to guarantee unbiased evaluation. All the experiments are 

performed using Python language in conjunction with deep learning libraries such as Tensorflow or 
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Pytorch and utilizing the power of the GPU to perform computations. Some of the critical parameters 

that need to be set correctly are the batch size, for instance, either 32 or 64, the learning rate, such as 

0.001, the number of epochs, ranging from 20 to 50, and Adam as the optimizer. The Convolutional 

layer consists of multiple filters with varying kernel sizes while the Recurrent layer comprises of                       

Bi-LSTM or GRU units with proper hidden layer neurons.  

Performance Metrics 

Equations 3, 4, 5, and 6 are employed in the assessment of the performance of the ADR detection model 

proposed using the standard metrics of classification such as Accuracy, Precision, Recall, and F1-Score. 

The Accuracy and Precision metrics are generally used to evaluate the efficacy of the model in handling 

imbalanced data sets. Accuracy is used to measure the overall accuracy of the predictions made while 

Precision is used to measure the percentage of true ADR predictions out of the total number of 

predictions. Recall helps measure how precisely the model detects the actual ADR cases. The 

computations of these metrics are done using True Positives (TP), True Negatives (TN), False Positives 

(FP), and False Negatives (FN) in equation 5. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
                             (5) 

Precision indicates how many of the predicted positive cases are actually positive. High precision means 

fewer false alarms in equation 6. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛= 
 𝑇𝑃

𝑇𝑃+𝐹𝑃
                                  (6) 

Recall measures how many actual positive cases were correctly detected. High recall ensures that 

arrhythmias are not missed in equation 7. 

The Recall =
𝑇𝑃

𝑇𝑃+𝐹𝑁
                                       (7) 

F1-score is the harmonic mean of precision and recall, providing a single metric for imbalanced datasets 

in equation 8. 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
                             (8) 

All of these metrics measure the model classification performance. Precision gives a general impression 

but can be deceitful in skewed data. Precision is concerned in cases where it is important to minimize 

false positives, but Recall is important in order to make sure that the major part of ADR cases is 

identified. F1-score is a good measure to assess ADR detection systems that require minimization of 

both false positive and false negative since both are equally important. 

Performance Evaluation 

In this section, a detailed performance analysis of the designed Deep Convolutional Recurrent State 

Space Model (DCR-SSM) is provided in relation to the detection of adverse drug reaction events from 

the social media dataset. The performance evaluation is conducted using the labeled Twitter data 

available from SMM4H and TwiMed datasets. The baseline comparison models are conventional 

approaches of CNN, RNN, and SSM. From the experimental outcome, it can be observed that the 

proposed DCR-SSM outperforms the conventional models. The model yields an impressive accuracy of 

93.81% and an even higher ROC-AUC of 97.90%. Moreover, the sensitivity of the model is quite high, 

having reached a level of 96.80%, signifying the efficiency in identifying all positive cases. The 

precision of the model remains moderate, registering at 91.33%, while the F1 score has been recorded 

to be 93.99%. From the results shown above, it is clear that the use of DT-based feature extraction, BoW 

encoding, and DCR-SSM classifiers results in better performance. 
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 Table 3. Performance comparison 

Metric Value 

Accuracy 93.81% 

Precision 91.33% 

Recall 96.80% 

F1-Score 93.99% 

ROC-AUC 97.90% 

 

Figure 4. Performance analysis of evaluation metrics 

In figure 4 and table 3 reveal the predictive capability of a model using the five essential criteria. The 

model proves highly effective in terms of efficiency as it achieves a 93.81% accuracy rate, implying a 

high percentage of correct predictions. Particularly, Recall (Sensitivity) proves to be the most efficient 

measure with 96.80%. This result suggests the ability of the model to identify true-positive cases without 

many misses. On the other hand, Precision is 91.33% indicating reliability in the predictions of the 

model. The F1-score of 93.99% also shows a good balance between precision and recall in the model. 

ROC-AUC of 97.90% is seen to be the highest value within the group. This result shows that the model 

is highly successful in classifying different classes. Overall, this proves to be an efficient and stable 

model suitable for situations where true-positive events have to be captured effectively. 

Performance Comparison of Proposed and Existing Models 

In this section, the figure 5 show the comparison of performance for the proposed deep learning approach 

of DCR-SSM is performed by comparing its performance with some other advanced approaches of 

CNN, CRNN, RCNN, BERT-BCE, BERT-MSE, BERT-FW, and BERT-BAW. Accuracy, precision, 

recall, F1 score, and ROC-AUC are the evaluation metrics used to assess their effectiveness in 

identifying adverse drug reactions. 

While traditional deep learning models like CNN are very proficient in finding out the local features, 

recurrent models focus on solving sequential dependency problems. From the results depicted in the 

"Evaluation Metrics Comparison" graph, it can be concluded that these deep learning models, along with 

BERT based transformer models, fail to provide satisfactory results in terms of balancing precision and 

recall in the presence of noisy social media data. On the contrary, DCR-SSM uses convolutional layers 

for local feature extraction, recurrent layers for sequential modeling, and SSM for long range 

dependencies. According to the presented data, the DCR-SSM model surpasses other models concerning 

stability and effectiveness in all metrics, particularly providing an accuracy of 93.81% and ROC-AUC 

of 97.90%. As compared to other models, DCR-SSM has the highest precision with maximum recall. 



Deepalakshmi, R. et al: A novel deep ……  Archives for Technical Sciences 2026, 36(2), 100-115 

Technical Institute Bijeljina, Archives for Technical Sciences. Year XVIII – N 0 36           111 

Therefore, DCR-SSM is far more efficient for real-time pharmacovigilance than existing self-learning 

techniques. 

 

Figure 5. Performance comparison of proposed and existing models 

Evaluation of ROC and Precision-Recall Curves 

 

Figure 6. Roc Curve and AUC analysis for ADR classification performance 

The AUC figure is shown in figure 6 where the model’s diagnostic power is revealed to be excellent 

since its value stands at 97.90%. The sharp rise of the graph to the top left-hand side implies that the 

system is capable of maintaining the highest rate of true positives at very low false-positive rates. This 

is an indication of the effectiveness of the system in differentiating ADR from non-ADR cases. 

The effectiveness of the proposed model is shown in figure 7 in terms of a good trade-off between 

accuracy and completeness in detecting positive cases. The DCR-SSM model achieves an Area Under 

the Precision-Recall curve (AUPRC) of 93.99%, which shows its superiority in terms of its capability 

to keep precision values high even when there is an increase in recall values. 
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Figure 7. Comparative analysis of precision-recall curves for ADR classification 

Ablation Study 

 

Figure 8. Evaluation of ablation study results for DCR-SSM framework components 

The results from the ablation studies shown in figure 8 highlight the importance of the role played by 

each individual component in the DCR-SSM architecture. Through the step-wise elimination of some 

layers, the study shows that the incorporation of SSM and the recurrent layers is an essential aspect in 

ensuring a high performance since the omission of these layers leads to drastic drops in terms of accuracy 

and F1-score. The implication is that whereas the convolutional layers enable the detection of local 

features, the ability of the network to analyze the long-range and sequential dependency aspects is the 

main reason for the superiority in prediction capacity. Additionally, the exclusion of the decision tree 

based feature selection and bag-of-words approach results in a drop in precision and recall scores, thus 

showing that proper preprocessing and dimensional reduction is important when working with noisy 

social media datasets. 

DISCUSSION 

The findings of this experiment confirm the better effectiveness of the DC RSSM in recognizing Adverse 

Drug Reactions (ADRs) under difficult conditions of social media. In this context, the proposed 
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technique proves to be far more efficient than conventional machine learning approaches such as Support 

Vector Machines (SVM), as well as deep learning approaches including CNN and LSTM in terms of 

both accuracy of 93.81% and an impressive value of ROC-AUC equal to 97.90%. 

The main benefit of the DC RSSM is associated with its mixed design. In particular, convolutional and 

recurrent neural networks are effective in detecting local features and managing the temporal 

dependencies, respectively, while the integration of the SSM layer helps to model the distant connections 

in a very stable way. It can be noted that the precision-recall analysis shows a high F1-score of 93.99% 

for the proposed approach. More precisely, the DC RSSM reaches the recall rate of 96.80%, which is 

crucial for pharmacovigilance purposes to avoid missing any ADRs in spite of the noisy and unstructured 

content of social networks such as Twitter. 

Moreover, the results from the ablation experiments reveal that the interaction between decision tree 

feature selection and DCR-SSM layers is vital for successful implementation. The removal of either of 

the two layers resulted in the largest decrement in evaluation scores, thus emphasizing the importance 

of their use for the analysis of complicated pharmaceutical sentiments. Achieving high precision and 

sensitivity simultaneously allows the proposed method to develop an efficient system for digital drug 

safety surveillance. 

CONCLUSION AND FUTURE WORK 

In this paper, introduce Deep Convolutional Recurrent State Space Model (DCR-SSM), a cutting-edge 

approach explicitly designed for robust ADR detection in complex and noisy social media settings. 

Leveraging state-of-the-art techniques of decision tree feature selection, Bag-of-Words preprocessing, 

and advanced multi-layer architecture including convolutional and recurrent neural networks, and State 

Space Model layers, the proposed system successfully copes with challenges associated with noisy 

unstructured textual data. As demonstrated by the experiments, the performance achieved by DCR-SSM 

is outstanding, with accuracy of 93.81% and ROC-AUC of 97.90%. The exceptional performance of the 

proposed approach is confirmed by its high recall (96.80%) and F1-score (93.99%), meaning that the 

model performs significantly better than classic machine learning models and any other deep learning 

methods. Such results prove the novelty of the proposed framework and confirm its superiority in 

capturing local and global patterns within the data. In addition, an ablation study conducted by us shows 

the need to incorporate SSM and recurrent layers to ensure classification quality. Although the proposed 

approach is highly efficient and scalable, there is room for improvement in the future. In particular, aims 

to replace the bag-of-words with transformer-based contextual embeddings. Also want to extend the 

model for multilingual input data. Another promising idea is to combine textual data with information 

from other channels like clinical images or EHRs, which will provide a more holistic perspective on 

medication safety. Finally, making the models more interpretable is essential for boosting clinicians' 

trust in the technology and facilitating its integration into the health care decision-making process. 

REFERENCES 

[1] Mou G, Lee K. Malicious bot detection in online social networks: arming handcrafted features with deep 

learning. In International conference on social informatics 2020 Oct 6 (pp. 220-236). Cham: Springer 

International Publishing. https://doi.org/10.1007/978-3-030-60975-7_17 

[2] Ahmedshaeva M, Pulatova N, Khayitov S, Sufiyeva D, Nizomova M. The Role of Natural Language 

Processing (NLP) in Translating Legal Documents with High Accuracy. Indian Journal of Information 

Sources and Services. 2025;15(2):83-90. https://doi.org/10.51983/ijiss-2025.IJISS.15.2.12 

[3] Deng Y, Xing Y, Quach J, Chen X, Wu X, Zhang Y, Moureaud C, Yu M, Zhao Y, Wang L, Zhong S. 

Developing large language models to detect adverse drug events in posts on x. Journal of biopharmaceutical 

statistics. 2024 Sep 21:1-2. https://doi.org/10.1080/10543406.2024.2403442 

[4] Praveenchandar J, Karthi SS, Sowndharya R, Lal ND, Biswas D, Nandy M. A Deep Learning-based 

Psychometric Natural Language Processing for Credit Evaluation of Personal Characteristics. J. Wirel. Mob. 

Networks Ubiquitous Comput. Dependable Appl. 2024 Dec;15(4):151-65.  

https://doi.org/10.58346/JOWUA.2024.I4.010 

[5] Monmousseau P, Marzuoli A, Feron E, Delahaye D. Impact of Covid-19 on passengers and airlines from 

passenger measurements: Managing customer satisfaction while putting the US Air Transportation System 



Deepalakshmi, R. et al: A novel deep ……  Archives for Technical Sciences 2026, 36(2), 100-115 

Technical Institute Bijeljina, Archives for Technical Sciences. Year XVIII – N 0 36           114 

to sleep. Transportation Research Interdisciplinary Perspectives. 2020 Sep 1; 7:100179. 

https://doi.org/10.1016/j.trip.2020.100179 

[6] Dharmireddi S, Mahdi HM, Rajendran M, Suryasa IW, Soy A. Artificial Intelligence-Driven Natural 

language processing for the futuristic Language Processing. In2025 International Conference on 

Computational Innovations and Engineering Sustainability (ICCIES) 2025 Apr 24 (pp. 1-6). IEEE. 

https://doi.org/10.1109/ICCIES63851.2025.11033144 

[7] Kim HR, Sung M, Park JA, Jeong K, Kim HH, Lee S, Park YR. Analyzing adverse drug reaction using 

statistical and machine learning methods: A systematic review. Medicine. 2022 Jun 24;101(25):e29387. 
https://doi.org/10.1097/MD.0000000000029387 

[8] Evans SJ, Waller PC, Davis S. Use of proportional reporting ratios (PRRs) for signal generation from 

spontaneous adverse drug reaction reports. Pharmacoepidemiology and drug safety. 2001 Oct;10(6):483-6. 

https://doi.org/10.1002/pds.677 

[9] Kolajo T, Daramola O, Adebiyi AA. Real-time event detection in social media streams through semantic 

analysis of noisy terms. Journal of Big Data. 2022 Jul 12;9(1):90. https://doi.org/10.1186/s40537-022-00642-

y 

[10] Hafid S, Ammar W, Bringay S, Todorov K. Cite-worthiness detection on social media: A preliminary study. 

InInternational Workshop on Natural Scientific Language Processing and Research Knowledge Graphs 2024 

May 26 (pp. 19-30). Cham: Springer Nature Switzerland. https://doi.org/10.1007/978-3-031-65794-8_2 

[11] Aljabri M, Zagrouba R, Shaahid A, Alnasser F, Saleh A, Alomari DM. Machine learning-based social media 

bot detection: a comprehensive literature review. Social Network Analysis and Mining. 2023 Jan 5;13(1):20. 

https://doi.org/10.1007/s13278-022-01020-5 

[12] Jamil ML, Pais S, Cordeiro J. Detection of dangerous events on social media: a critical review. Social 

Network Analysis and Mining. 2022 Dec;12(1):154. https://doi.org/10.1007/s13278-022-00980-y 

[13] Mredula MS, Dey N, Rahman MS, Mahmud I, Cho YZ. A review on the trends in event detection by 

analyzing social media platforms’ data. Sensors. 2022 Jun 15;22(12):4531.  

https://doi.org/10.3390/s22124531 

[14] do Nascimento VC, Moon SR, Byerly K, Sudhoff SD, Ohodnicki PR. Multiobjective optimization paradigm 

for toroidal inductors with spatially tuned permeability. IEEE Transactions on Power Electronics. 2020 Jul 

29;36(3):2510-21. https://doi.org/10.1109/TPEL.2020.3012911 

[15] Bae JH, Baek YH, Lee JE, Song I, Lee JH, Shin JY. Machine learning for detection of safety signals from 

spontaneous reporting system data: example of nivolumab and docetaxel. Frontiers in Pharmacology. 2021 

Jan 14; 11:602365. https://doi.org/10.3389/fphar.2020.602365 

[16] Sboev A, Selivanov A, Rylkov G, Rybka R. On the accuracy of different neural language model approaches 

to ADE extraction in natural language corpora. Procedia Computer Science. 2021 Jan 1; 190:706-11. 
https://doi.org/10.1016/j.procs.2021.06.082 

[17] Portelli B, Lenzi E, Chersoni E, Serra G, Santus E. BERT prescriptions to avoid unwanted headaches: a 

comparison of transformer architectures for adverse drug event detection. InProceedings of the 16th 

conference of the European chapter of the Association for Computational Linguistics: main volume 2021 

Apr (pp. 1740-1747). https://doi.org/10.18653/v1/2021.eacl-main.149 

[18] Lee J, Yoon W, Kim S, Kim D, Kim S, So CH, Kang J. BioBERT: a pre-trained biomedical language 

representation model for biomedical text mining. Bioinformatics. 2020 Feb 15;36(4):1234-40. 
https://doi.org/10.1093/bioinformatics/btz682 

[19] Zhang Y, Cui S, Gao H. Adverse drug reaction detection on social media with deep linguistic features. 

Journal of biomedical informatics. 2020 Jun 1; 106:103437. https://doi.org/10.1016/j.jbi.2020.103437 

[20] Srivastava H, Sankar R. Redefining Event Detection and Information Dissemination: Lessons from X 

(Twitter) Data Streams and Beyond. Computers. 2025 Jan 28;14(2):42. 
https://doi.org/10.3390/computers14020042 

[21] Dai HJ, Touray M, Jonnagaddala J, Syed-Abdul S. Feature engineering for recognizing adverse drug 

reactions from twitter posts. Information. 2016 May 25;7(2):27. https://doi.org/10.3390/info7020027 

[22] Huang JY, Lee WP, Lee KD. Predicting adverse drug reactions from social media posts: data balance, feature 

selection and deep learning. InHealthcare 2022 Mar 25 (Vol. 10, No. 4, p. 618). MDPI. 
https://doi.org/10.3390/healthcare10040618 

[23] Hayawi K, Saha S, Masud MM, Mathew SS, Kaosar M. Social media bot detection with deep learning 

methods: a systematic review. Neural Computing and Applications. 2023 Apr;35(12):8903-18.  

https://doi.org/10.1007/s00521-023-08352-z 

[24] Guellil I, Berrachedi Y, Chenni NE, Abboud MN, Wu J, Wu H, Alex B. Detecting adverse drug events in 

social media: A brief literature review. SN Computer Science. 2026 Feb 

11;7(2):199.  https://doi.org/10.1007/s42979-026-04752-9 

[25] Schreier T, Tropmann-Frick M, Böhm R. Integration of FAERS, DrugBank and SIDER Data for Machine 

Learning-based Detection of Adverse Drug Reactions. Datenbank-Spektrum. 2024 Nov;24(3):233-42. 

https://doi.org/10.1007/s13222-024-00486-1 



Deepalakshmi, R. et al: A novel deep ……  Archives for Technical Sciences 2026, 36(2), 100-115 

Technical Institute Bijeljina, Archives for Technical Sciences. Year XVIII – N 0 36           115 

[26] Yun S, Jeong J, Kim J. COVID-19 vaccine side effect analysis by leveraging social media: focusing on 

connectivity and cluster characteristics of vaccine side effects. IEEE Transactions on Computational Social 

Systems. 2024 May 20;11(5):6487-500. https://doi.org/10.1109/TCSS.2024.3392341 

[27] Alex SE, Wong C, Shah A, Reddy P, DeBord L, Dao Jr H. Social media as a surveillance tool for monitoring 

of isotretinoin adverse effects. Cureus. 2020 Sep 9;12(9). https://doi.org/10.7759/cureus.10327 

[28] Knox C, Wilson M, Klinger CM, Franklin M, Oler E, Wilson A, Pon A, Cox J, Chin NE, Strawbridge SA, 

Garcia-Patino M. DrugBank 6.0: the DrugBank knowledgebase for 2024. Nucleic acids research. 2024 Jan 

5;52(D1): D1265-75. https://doi.org/10.1093/nar/gkad976 


