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A B S T R A C T 

Background: The rapid growth of online medical data has increased the complexity of infectious 

disease detection. Natural language processing (NLP) is playing a vital part in transforming disease 

discovery by effectively analyzing clinical text data. This study develops a novel Fast Decision 

Support for Disease Detection in Large Crowd Environments with Heuristic Optimization 

Algorithm (FDSDD-LCEHOA) using Natural Language Symptoms. 

Methods: For feature extraction, the Word2Vec model has been used to convert text into meaningful 

vector representations that capture contextual relationships among symptoms. For classification, an 

ensemble of deep learning (DL) techniques, namely bidirectional long short-term memory 

(BiLSTM), temporal convolutional networks (TCNs), and convolutional autoencoder (CAE), is 

employed to enhance predictive performance. Moreover, the hyperparameters of the three ensemble 

models are tuned using the manta ray foraging optimization (MRFO) algorithm to achieve optimal 

parameter settings. 

Results: The proposed FDSDD-LCEHOA model achieved an accuracy of 98.37%, demonstrating 

its effectiveness in classifying diseases from natural-language symptoms. 

Conclusion: The experimental results show that the proposed model outperforms existing models, 

enabling real-time disease monitoring and early outbreak detection in large-crowd environments. 
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Introduction 

eavily crowded zones are likewise 

conducive to the emergence and 

transmission of certain respiratory 

outbreaks [1]. Repeated interactions 

among individuals, whose bodily contact 

escalates with population density in any 

given area, led to the spread of infectious diseases to a 

large group in a shorter period.  Healthcare is one of the 

most pressing issues in human communities. 

Nevertheless, the medical field is highly varied, widely 

dispersed, and fragmented [2]. Early disease detection 

is crucial and life-preserving, and it is performed using 

both non-invasive and invasive approaches. However, 

Artificial intelligence (AI) offers innovative tools for 

identifying signs of disorder and novel treatment 

techniques for monitoring the disorder's progression. 

Deep learning (DL), combined with disease detection, 

was applied in a monitoring setup to support human 

examination.  

The following section provides a detailed study of 

existing methods in the field of infectious disease 

detection using various ML, DL, and NLP. Ravi et al. 

[3] presented a new system for the early detection of 

pancreatic cancer. Using cutting-edge DL models, 

particularly a combination of SVM and MLP. 

Amannah et al. [4] presented a prototype diagnostic 

method that incorporates XAI and ML to enhance 

diagnostic output, understandability, and utility in 

resource-limited environments. Qiang et al. [5] 

proposed a new 3D patch-level AD prediction model, 

3DSC-TF, comprising a 3DSCNN and a transformer 

model to achieve accurate AD detection.  Rehman et al. 

[6] focused on dysphonia, a modification in the vocal 

sound. Voice syndromes become prevalent despite 

being frequently unnoticed. Mobile healthcare 

applications could provide rapid, effective support for 

detecting voice syndromes. The author [7] aimed to 

classify ASD and typically established TD class data 

through ML classifications. Talukder et al. [8] 

introduced a hybrid explainable AI-aided ML (HXAI-

ML) system for addressing those restrictions. Inthiyaz 

et al. [9] provided an automated image-based model for 

identifying and classifying skin conditions using 

ML. Kundu and Anguraj [10] proposed an OML-

AMPDC system using blood images. This suggested 

system mainly performs preprocessing in two phases. 

Furthermore, the feature extraction step is applied using 

Local Derivative Radial Patterns (LDRP) 

Consequently, this study develops an FDSDD-

LCEHOA using Natural Language Symptoms. The 

primary goal is to design an intelligent, fast decision-

support system for the early identification of infectious 

disease outbreaks in large-crowd environments using 

NLP and optimized ensemble deep-learning 

approaches.  The important contributions of this study 

are summarized as given below: 

• The Word2Vec-based feature extraction process 

has been applied to capture contextual relationships 

among symptom descriptions effectively.  

• An ensemble of DL approaches such as bi-

directional long short‐term memory (Bi-LSTM), 

temporal convolutional networks (TCNs), and 

convolutional autoencoder (CAE) models is employed 

for better disease classification. 

• The hyperparameter tuning can be accomplished 

through the manta ray foraging optimization (MRFO) 

algorithm to improve the model accuracy and efficiency. 

Materials and Methods 

Cell Line and Culture Conditions 

In this paper, we developed a novel FDSDD-

LCEHOA method to support large-scale disease 

detection and early identification of infectious diseases. 

The model consists of several stages, including pre-

processing, feature extraction, ensemble classification, 

and parameter selection, to enhance performance and 

ensure reliable decision-making. Figure 1 illustrates the 

workflow of the proposed FDSDD-LCEHOA model. 

Feature Extraction using Word2Vec 

To perform the feature extraction phase, the 

Word2Vec framework has been employed to convert 

text into meaningful vectors that capture contextual 

relationships among symptoms. The traditional word 

embedding model utilized unsupervised learning 

methods gram-such as LSA, skip , and related models.  

Moreover, it was chosen because it efficiently captures 

semantic relationships among symptom-related terms 

while maintaining low computational complexity. 

Compared with transformer-based embedding models 

such as BioBERT and ClinicalBERT, Word2Vec 

requires fewer computational resources and shorter 

training time, making it suitable for the proposed 

disease classification framework. Although contextual 

language models can provide richer contextual 

representations, they typically require large-scale, 

domain-specific pretraining and incur higher 

computational costs. Therefore, Word2Vec was 

adopted in this study to achieve an effective balance 

H 
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between semantic representation and computational 

efficiency.  

Furthermore, Compared with BioBERT and 

ClinicalBERT, Word2Vec requires lower 

computational resources, less memory, and shorter 

training time while still providing effective semantic 

representations of disease-related text. Its 

computational efficiency and simple implementation 

make it a suitable choice for the proposed disease 

classification framework. Advanced word 

representations utilizing the so-called word2vec, 

utilizing an NN language method trained in dual 

phases.  

Ensemble Learning Models  

The ensemble framework integrates the prediction 

scores from the BiLSTM, TCN, and CAE models via a 

decision-level aggregation strategy. Each model 

independently processes the optimized Word2Vec 

feature vectors and produces a probability score for 

each disease class. Since all three models are 

considered equally important in the proposed 

framework, an equal-weight average is used to obtain 

the final prediction score. The aggregated score is 

computed as: 

𝑆final =
1

3
(𝑆BiLSTM+𝑆TCN+𝑆CAE)                               (1) 

where 𝑆finaldenotes the final aggregated prediction 

score, while 𝑆BiLSTM, 𝑆TCN, and 𝑆CAErepresent the 

prediction scores generated by the BiLSTM, TCN, and 

CAE models, respectively. The factor 
1

3
assigns equal 

importance to each model, ensuring that all three 

classifiers contribute uniformly to the ensemble 

decision. 

BiLSTM Classifier  

One kind of RNN that can identify longer-term 

dependencies in the input sequence is a Bi-LSTM. This 

implies that, unlike conventional methods, the Bi-

LSTM learns the preceding and succeeding contexts 

from the given data. To introduce how BiLSTM 

systems process sequential data and improve 

prediction, it upgrades either forward or Backward 

LSTM Cells 

TCN Classifier 

While CNNs exhibit outstanding feature-extraction 

capabilities, they struggle to process long time-series 

 

 
Figure 1. Complete flow of FDSDD-LCEHOA model. 
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data due to vanishing gradients. In this context, TCNs 

are presented as an advanced framework based on 

CNNs to enhance performance in addressing longer 

time-series data. Dilated convolution increases the 

spacing between kernel elements within the filter, 

thereby expanding the receptive field of the model 

without a significant increase in parameters. The final 

output before the activation function of the dilated-

causal convolution is stated as: 

𝑧𝑡,𝑛
𝑐𝑙 = ∑ 𝑥

𝑁𝑡−1

𝑘=0

(𝑡 − 𝑘 ⋅ 𝑑)𝑤𝑡,𝑛(𝑘) + 𝑏𝑡,𝑛                       (8) 

The dilated-causal convolution expands the 

receptive field and mitigates the vanishing gradient 

problem by establishing direct input–output 

connections, as presented in Eq. (8). 

𝑦𝑡
𝑟 = 𝑦𝑡

𝑟−1 + 𝜎𝑡(𝑧𝑡
𝑐𝐿,𝑟)                                              (9) 

The training procedure of TCN additionally 

comprises dual sections: backward and forward 

propagation.  

𝑦𝑡,𝑛
𝑐𝑙 = 𝜎𝑡(𝑧𝑡,𝑛

𝑐𝑙 ) = 𝑅𝑒𝐿𝑈(𝑧𝑒,𝑛
𝑐𝑙 )                              (10) 

𝑦𝑡
𝑟 = 𝜎𝑡(𝑧𝑡

𝑐𝐿,𝑟) + 𝑦𝑝
𝑟−1                                           (11) 

𝑦𝑡
𝑚𝑙 = 𝜎𝑡(𝑧𝑡

𝑚𝑙) = 𝜎𝑡(𝑤𝑡
𝑚𝑙𝑦𝑡

𝑚𝑙−1 + 𝑏𝑡
𝑚𝑙)           (12) 

Whereas 𝑤𝑡
𝑚𝑙 = {𝑤𝑡,1

𝑚𝑙 , 𝑤𝑡,2
𝑚𝑙 , … , 𝑤𝑡,𝑁𝑚𝑙−1

𝑚𝑙 , 𝑤𝑡, 𝑁𝑚𝑙

𝑚𝑙 } 

denote weighting vectors of the 𝑚𝑙 − 𝑡ℎ fully 

connected (FC) layer of TCN and 𝑏𝑡
𝑚𝑙 means bias of the 

𝑚𝑙 − 𝑡ℎ FC layer.  

CAE Classifier  

The CAE approach is employed in the classification 

technique. Diverse CAE employs Conv layers to 

process composite data, primarily images. This 

architecture allows the CAE to effectively investigate 

substantial outcomes using the spatial region of aspects. 

The AE is ANN, integrating a 3-layer progression 

connected with sequence, precisely output, input, and 

HLs. The two phases can be given: 

ℎ(𝑎) = 𝑓(𝑊1𝑎 + 𝑏1)                                         (13) 

𝐴 = 𝑔(𝑊2ℎ(𝑎) + 𝑏2)                                        (14) 

Here, ℎ(𝑎)is the encoder output, 𝐴is the decoder 

output, 𝑓and 𝑔are the encoder and decoder functions, 

and 𝑊1, 𝑊2, 𝑏1, and 𝑏2denote the weights and bias 

vectors (Figure 2). 

Fine-Tuning Parameter using MRFO 

The hyperparameter tuning for the 3 ensemble 

methods is performed using the MRFO method to 

achieve optimal parameter tuning. The MRFO 

algorithm is stimulated by 3 hunting behaviors of manta 

rays [11]. The MRFO model employs the fitness 

function (FF) based on the classification error rate, as 

given in Eq. (24). 

𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑥𝑖) = 𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑟𝐸𝑟𝑟𝑜𝑟𝑅𝑎𝑡𝑒(𝑥𝑖) 

=
𝑛𝑜. 𝑜𝑓 𝑚𝑖𝑠𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑 𝑖𝑛𝑠𝑡𝑎𝑛𝑐𝑒𝑠

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑖𝑛𝑠𝑡𝑎𝑛𝑐𝑒𝑠
∗ 100          (24) 

The convergence behavior of MRFO was 

monitored throughout the optimization process. The 

fitness value gradually improved over successive 

iterations and stabilized after several optimization 

cycles. The computational complexity of the MRFO 

optimization process is primarily dependent on the 

population size (𝑁), the maximum number of iterations 

(𝑇), and the cost of evaluating the objective function 

(𝐶𝑓). Accordingly, the overall time complexity can be 

expressed as:  

𝑂(𝑁 × 𝑇 × 𝐶𝑓)                                                 (25)  

Although the optimization stage introduces 

additional computational overhead during training, it is 

performed only once and does not affect the inference 

efficiency of the proposed disease classification 

framework. 

Results 

The empirical assessment of the FDSDD-LCEHOA 

model has been examined in the Symptom2Disease 

dataset [12] and the Symptom to Disease Descriptions 

dataset [13]. This dataset contains 350 total symptoms  

(Table 1). 

Table 2 presents a comparison of the FDSDD-

LCEHOA technique with recent algorithms across 

various measures on the Symptom2Disease dataset [14, 

15]. The result implied that the CNN, LSTM, BERT-

FT, MediGPT Improvement, GBM, MLP, RSVM, and 

XGBOOST approaches perform minimal solutions 

compared to the proposed method, which achieves 

maximal value with 𝑎𝑐𝑐𝑢𝑦 of 98.37%, 𝑝𝑟𝑒𝑐𝑛 of 

93.79%, 𝐹1𝑠𝑐𝑜𝑟𝑒  of 93.71%, 𝑠𝑒𝑛𝑠𝑦  of 93.91%, and 

𝑠𝑝𝑒𝑐𝑦 of 93.91%, correspondingly (Table 2). 

Figure 3 presents a comparative study of the 

FDSDD-LCEHOA technique against recent algorithms 
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across various measures on the Symptom to Disease 

Descriptions dataset [16, 17].  The result implied that 

the KNN, RF, BILSTM, RF-MediSys, and DITTO 

techniques obtain the least performance, compared 

with the presented approach, which achieves a better 

value 𝑎𝑐𝑐𝑢𝑦 of 98.05%, 𝑝𝑟𝑒𝑐𝑛 of 91.83%, 𝑠𝑒𝑛𝑠𝑦  of 

92.41%, 𝑠𝑝𝑒𝑐𝑦 of 98.63%, and  𝐹1𝑠𝑐𝑜𝑟𝑒 of 92.54%, 

correspondingly. 

Discussion 

Table 3 shows the computational efficiency of the 

FDSDD-LCEHOA model with existing models.  Based 

on inference time, the FDSDD-LCEHOA method 

provides lesser value of 5.62ms, Flops of 0.64G and 

GPU of 0.68GB, with other models namely, the CNN, 

LSTM, BERT-FT, MediGPT Improvement, GBM, 

MLP, RSVM, and XGBOOST achieves a greater time 

of 12.84ms, 15.72ms, 28.65ms, 31.43ms, 8.47ms, 

7.95ms, 9.18ms, and 6.84ms, correspondingly. 

Table 4 presents the K-fold cross-validation results 

for the proposed FDSDD-LCEHOA model. In K 1, the 

model achieved an Accuracy of 96.84%, Precision of 

90.28%, Recall of 90.91%, and F1 Score of 90.59%. 

Finally, in K=10, the model achieved an Accuracy of 

97.11%, Precision of 91.28%, Recall of 91.86%, and F1 

Score of 91.57%, confirming stable and consistent 

performance in the final fold of the cross-validation 

process. 

The proposed model achieves superior performance 

 

 

Figure 2. Framework of CAE. 

 
Table 1. Parameter setting. 

Method Parameter Value 

Text 

Preprocessing 

Maximum Sequence 

Length 
100 

Word2Vec Architecture 
Skip-

Gram 

Word2Vec Embedding Dimension 300 

Word2Vec Context Window 5 

BiLSTM Hidden Units 128 

BiLSTM Number of Layers 2 

TCN Filters 128 

TCN Kernel Size 3 

TCN Dilation Rates 1, 2, 4, 8 

CAE Latent Dimension 128 

Ensemble Fusion Strategy 
Soft 

Voting 

MRFO Population Size 30 

MRFO Maximum Iterations 100 

Optimizer Algorithm Adam 

Learning Rate Initial LR 0.001 

Batch Size Batch Size 32 

Training Epochs 50 

 

 Table 2. Comparison evaluation of the FDSDD-

LCEHOA method with recent algorithms under the 

Symptom2Disease dataset. 

Algorithm 𝑨𝒄𝒄𝒖𝒚 𝑷𝒓𝒆𝒄𝒏 𝑺𝒆𝒏𝒔𝒚 𝑺𝒑𝒆𝒄𝒚 𝑭𝟏𝒔𝒄𝒐𝒓𝒆 

CNN 92.53 90.05 90.01 89.28 90.40 

LSTM 89.77 89.36 91.67 98.62 90.60 

BERT-FT 95.87 90.78 91.99 95.22 92.39 

MediGPT 

Improvement 
97.99 91.92 89.75 93.28 90.77 

GBM 95.30 91.57 92.09 89.54 90.39 

MLP 98.04 91.17 90.57 98.60 93.44 

RSVM 90.15 92.63 92.25 95.50 92.16 

XGBOOST 94.81 92.54 92.53 98.62 90.99 

FDSDD-
LCEHOA 

98.37 93.79 93.91 99.05 93.71 

 

 

 

 

Figure 3. Comparative analysis of the proposed FDSDD-

LCEHOA methodology under the Symptom to Disease 

Descriptions data set with existing methods. 
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in analyzing unstructured medical text in crowd 

environments, delivering strong, consistent results in 

infectious disease detection and early outbreak 

identification. 

Conclusion 

In this manuscript, we have developed a new 

FDSDD-LCEHOA approach using Natural Language 

Symptoms. The FDSDD-LCEHOA methodology 

supports scalable disease detection and public health 

monitoring in high-density environments. In the feature 

extraction process, the Word2Vec framework has been 

employed to convert text into meaningful vectors that 

capture contextual relationships among symptoms. 

Also, an ensemble model is used for disease 

classification. Eventually, hyperparameter tuning for 

the 3 ensemble systems is performed using the MRFO 

model to optimize the parameters. To determine the 

effective classification result of the FDSDD-LCEHOA 

system, a broad range of simulations are conducted on 

the benchmark dataset. The wide-ranging comparative 

outcomes demonstrated the benefits of the FDSDD-

LCEHOA model using recent techniques. Future 

research will focus on integrating contextual 

biomedical language models, developing uncertainty-

aware prediction mechanisms, evaluating the 

framework across diverse clinical datasets, and 

conducting large-scale deployment studies to enhance 

robustness, scalability, and practical applicability in 

healthcare environments. 
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