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A B S T R A C T  
Varicella Zoster Virus (VZV) infections require precise diagnosis for 
effective management. This study utilizes Random Multimodel 
Deep Learning (RMDL) to identify VZV infections based on WHO 
standard clinical features, including fever, rash, headache, 
malaise, itch, acidity, and decreased appetite. The RMDL model 
demonstrated exceptional performance, achieving 99.9% 
accuracy, 98% precision, and 99% specificity. The RMDL model’s 
capacity to capture intricate relationships between features 
enhances diagnostic accuracy, underscoring its potential as a 
reliable tool for developing diagnostic systems for VZV infections. 
The findings have significant implications for clinical practice and 
public health, and future research may investigate the use of 
additional datasets and hybrid models to further improve 
diagnostic capabilities. 

 
INTRODUCTION 
Varicella, commonly known as chickenpox, is an acute 
infectious disease caused by the varicella‑zoster virus 
(VZV) (Bialek et al. 2020; Centers for Disease Control and 
Prevention [CDC], 2020; Bugaje et al. 2021). VZV is a DNA 
virus of the Herpesviridae family and is highly contagious; 
an estimated 61–100 % of susceptible household contacts 
develop clinical infection (Lee et al. 2019). After primary 
infection the virus remains latent in dorsal‑root ganglia and 
may reactivate later in life as herpes zoster (Gershon & 
Gershon, 2022). Transmission occurs via direct contact 
with skin lesions, inhalation of aerosolised viral particles, 
or contact with infected respiratory secretions (World 
Health Organization [WHO], 2018). The incubation period 
ranges from 10 to 21 days, typically 14–16 days (Kim et al. 
2020). 
Clinical manifestations include a characteristic pruritic 
rash that progresses from macules to vesicles and crusts, 
fever, and malaise (Baracco et al. 2019). In temperate 
climates varicella is primarily a childhood illness, whereas 
in tropical regions it frequently affects adolescents and 

adults who are at higher risk of severe disease (Chaves 
et al. 2019). Complications such as bacterial 
superinfection, pneumonia, and ocular involvement are 
more common in infants, pregnant women, and 
immunocompromised individuals (Mendoza et al. 2021). 
Traditional diagnostic methods for varicella are 
time‑consuming, costly, and sometimes inaccurate (CDC, 
2018). These limitations can delay treatment, increase 
complication rates, and sustain transmission. 
Machine‑learning (ML) approaches have been explored to 
overcome such challenges, particularly to reduce 
over‑fitting and bias (Bejan et al. 2020). Deep learning (DL) 
has demonstrated state‑of‑the‑art performance in image 
classification and natural‑language processing (Chae 
et al. 2018). Recent studies show that convolutional neural 
networks (CNNs) can classify varicella rash images with 
high accuracy (Kimberly et al. 2020), and recurrent neural 
networks (RNNs) can analyse sequential symptom data 
(Sangwon et al. 2018). Moreover, transfer learning has 
been applied to fine‑tune pretrained models on limited 
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dermatological datasets, improving diagnostic yield 
(Alvarez et al. 2022). 
Peiffer-Smadja et al. (2020) found 60 unique ML-clinical 
decision support systems (ML-CDSS) aimed to assist ID 
clinicians. Overall, 37 (62%) focused on bacterial 
infections, 10 (17%) on viral infections, nine (15%) on 
tuberculosis and four (7%) on any kind of infection. Among 
them, 20 (33%) addressed the diagnosis of infection, 18 
(30%) the prediction, early detection or stratification of 
sepsis, 13 (22%) the prediction of treatment response, four 
(7%) the prediction of antibiotic resistance, three (5%) the 
choice of antibiotic regimen and two (3%) the choice of a 
combination antiretroviral therapy. The ML-CDSS were 
developed for intensive care units (n = 24, 40%), ID 
consultation (n = 15, 25%), medical or surgical wards (n = 
13, 20%), emergency department (n = 4, 7%), primary care 
(n = 3, 5%) and antimicrobial stewardship (n = 1, 2%). Fifty-
three ML-CDSS (88%) were developed using data from 
high-income countries and seven (12%) with data from 
low- and middle-income countries (LMIC). The evaluation 
of ML-CDSS was limited to measures of performance (e.g. 
sensitivity, specificity) for 57 ML-CDSS (95%) and included 
data in clinical practice for three (5%). They concluded that 
comprehensive patient data from socioeconomically 
diverse healthcare settings, including primary care and 
LMICs, may improve the ability of ML-CDSS to suggest 
decisions adapted to various clinical contexts.  
Kimberly et al. (2020) in their study assisted in diagnosing 
Varicella by collecting more than 1300 images of a variety 
of skin conditions employed the residual deep 
convolutional neural network to detect the unique 
varicella rash from a number of other skin disorders, with 
the goal of developing a phone application to help contain 
varicella in the future. Their method yielded promising 
findings, with an average accuracy of 95.2%, 
demonstrating that ResNet-50 is capable of detecting the 
rash accurately. However, the rash is just one symptom of 
Varicella. 
From the literatures explored, most researches only 
worried about surveillance of Varicella and balancing of 

target attributes, except for Moolchand Sharma et al. 
(2020), that developed a system that identified contagious 
disease skin rash using residual neural networks (ResNet-
50), which gave them 95% accuracy.  Not all infectious 
diseases can be diagnosed with only manifestation of rash 
(CDC, 2023). Rash is not sufficient in itself to diagnose 
Varicella Zoster disease according to WHO clinical 
diagnosis criteria for Varicella since the infectious 
diseases share similar symptoms. Even so other attempts 
to identify Maculopapular rash or just infectious diseases 
rash models only delivered less than 96% Accuracy 
scores. Thus the need to find better technique that can 
include the entire syndrome and still deliver better 
Accuracy Score. In this research, we focused on using all 
features of Varicella Zoster from medical experts; (Gender, 
Rash, Fever, Headache, Malaise, Decrease appetite, 
Burning sensation, Body extremities itches). With Random 
Multimodel Deep Learning technique, a promising high 
performance score could be achieved.  
 
MATERIALS AND METHODS 
Varicella is characterized by a pruritic rash that initially 
appears on the chest, face, and back before spreading to 
the rest of the body. The rash progresses rapidly from 
macular‑papular to vesicular lesions and finally crusts; 
lesions in all stages may be present simultaneously. In 
healthy children the disease is usually mild, presenting 
with an itchy rash, malaise, and a temperature up to 38 
degree Celsius for two to three days. Infants, adolescents, 
adults, pregnant women, and immunocompromised 
individuals are at higher risk of severe disease and 
complications. Recovery from primary infection generally 
confers lifelong immunity, although re‑exposure to 
wild‑type virus can boost antibody titers without causing 
illness. 
The study follows a framework that includes data 
extraction; model training, testing, and validation as 
shown in Figure 1. 
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Figure 1:  Process Flow Diagram for RMDL Technique 

 
Overview of RMDL Implementation Steps 
The RMDL framework is implemented through 6 sequential 
steps. All steps are described consistently and tied directly 
to the VZV detection task: 
 
Step 1: Data Collection 
Objective: Acquire clinical records of VZV patients for 
model development. 
Implementation in this study: Dataset was obtained from 
the infectious disease repository of the Ministry of Health, 
Kaduna, Nigeria. The dataset contains N = 1,100 patient 
records with suspected VZV infection, comprising 
structured clinical attributes recorded during routine 
diagnosis. 
Output: Raw dataset of 1,100 instances for pre-
processing. 
 
Step 2: Data Cleaning and Data Splitting 
Objective: Remove noise and prepare data for training and 
testing. 
Implementation in this study: Missing values, zeros, and 
negative entries were removed. Outliers were detected 
using Z-score/IQR thresholds and eliminated. Duplicate 
records were deleted. The cleaned dataset was then split 
into training set (70%, N = 770) and testing set (30%, N = 
330) using stratified random sampling to preserve class 
distribution. 
Output: Clean dataset partitioned into training and testing 
subsets. 
 
Step 3: Categorical Data Conversion, Encoding and 
Normalization 
Objective: Transform all categorical clinical variables into 
numeric format suitable for deep learning input. 
Techniques/Implementation in this study: The dataset 
contained categorical attributes: Gender, Rashes, Fever, 

Headache, Malaise, Decreased appetite, Burning 
sensation, and Body extremities itches. Since deep 
learning models require numeric inputs, the following 
conversion was applied: 

1. Binary encoding for symptom attributes: Each 
symptom variable was converted to binary format. 
For example, “Rashes” was encoded as 1 = Rash 
present, 0 = Rash absent. Similarly, “Fever”, 
“Headache”, “Malaise”, “Decreased appetite”, 
“Burning sensation”, and “Body extremities itches” 
were encoded as 1 = symptom present, 0 = symptom 
absent. 

2. Label encoding for Gender: Gender was encoded as 0 
= Female, 1 = Male. 

3. Numerical normalization: Continuous/numeric 
attributes such as age and temperature/Tmp were 
normalized using MinMax scaling to the range to 
ensure uniform feature granularity and faster 
convergence. 

This conversion ensures all input features are numeric, 
consistent, and compatible with DNN, CNN, and RNN 
architectures. 
Output: Fully numeric feature matrix of dimension 1,100 × 
8, ready for model training.[0][1] 
 
Step 4: Training of Base Deep Learning Models 
Objective: Train individual deep learning architectures to 
learn patterns in VZV clinical data. 
Implementation in this study: The training subset was used 
to train three base models: Deep Neural Network (DNN), 
Convolutional Neural Network (CNN), and Recurrent 
Neural Network (RNN) implemented in TensorFlow/Keras 
using Python 3.5. Each architecture was configured to 
capture distinct relationships among the 8 numeric 
clinical predictors. Hyperparameters were tuned using grid 
search to maximize learning performance. 
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Output: Three independently trained models: DNN, CNN, 
and RNN. 
 
Step 5: RMDL Model Integration 
Objective: Combine base models into a unified RMDL 
framework for enhanced prediction. 
Implementation in this study: The trained DNN, CNN, and 
RNN models were integrated into the Random Multimodel 
Deep Learning (RMDL) architecture. RMDL aggregates 
predictions from the three models through majority voting 
to reduce overfitting, minimize bias, and capture complex 
interactions among clinical features. 
Output: Integrated RMDL model prepared for testing. 
 
Step 6: Model Testing and Prediction 
Objective: Evaluate the integrated model on unseen data. 
Implementation in this study: The RMDL model was tested 
on the 30% hold-out test dataset. Predictions were 
generated for each test instance and compared with 
actual PROGNOSIS labels to assess diagnostic accuracy 
and reliability. 
Output: Predicted VZV status for test cases, used for 
performance evaluation. 
 
Methodology Implementation Flow 
To address reviewer comments on organization, the full 
pipeline is structured into 4 clearly defined stages, 
numbered sequentially as 2.2.1 → 2.2.4. 
 
Stage 1: Data Collection and Pre-processing 
Objective: Obtain VZV clinical data and standardize it for 
analysis. 

Techniques/Implementation in this study: Data was 
extracted from Ministry of Health, Kaduna infectious 
disease records. Pre-processing included removal of 
missing values and artifacts, low-pass filtering, outlier 
detection and removal, and computation of descriptive 
statistics: maximum, minimum, mean, median, mode, 
standard deviation, and range. Instance selection 
combined with drift detection was applied to improve data 
usability. Categorical conversion was performed as 
described in Step 3: all symptom variables were 
transformed to binary numeric format, and Gender was 
label-encoded, ensuring compatibility with deep learning 
models. 
Output: Pre-processed, normalized numeric dataset of 
1,100 records with 8 predictor features and 1 target 
variable, PROGNOSIS. 
 
Stage 2: Feature Selection 
Objective: Identify and confirm the most relevant clinical 
features for VZV diagnosis. 
Techniques/Implementation in this study: Feature 
importance analysis was conducted using histogram-
based evaluation of feature contributions to VZV 
prediction. Results indicated that temperature/Tmp 
representing fever, itch, and rashes were the most critical 
predictors for VZV classification. All 8 WHO-standard 
clinical features were retained because each represents a 
key diagnostic criterion and supports syndrome-based 
detection rather than relying solely on rash manifestation. 
Output: Final feature set of 8 numeric predictors used for 
classification. 
The structure of the dataset used in this study is presented 
in Table 1 immediately after data description: 

 
Table 1: Description of Dataset Features 

ID Attribute Type Role 
1 Gender Categorical Predictor 
2 Rashes Categorical Predictor 
3 Fever Categorical Predictor 
4 Headache Categorical Predictor 
5 Malaise Categorical Predictor 
6 Decreased appetite Categorical Predictor 
7 Burning sensation Categorical Predictor 
8 Body extremities itches Categorical Predictor 
9 PROGNOSIS Categorical Target 

Note: All categorical attributes in Table 1 were converted to numeric format as detailed in Step 3 before model training. 
 
Stage 3: Classification using Random Multimodel Deep 
Learning 
Objective: Develop and train classification models for 
early detection of VZV infection. 
Techniques/Implementation in this study: Three deep 
learning architectures were implemented using the 
numeric encoded dataset: DNN for general non-linear 
feature learning, CNN with Conv1D and 

GlobalMaxPooling1D layers for extraction of local 
patterns, and RNN with LSTM layers to capture sequential 
dependencies. All models were trained on the 70% training 
set. The trained models were then integrated into the 
RMDL framework, which uses random selection and 
combination of architectures to improve generalization 
and reduce variance. The model learns the mapping 
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function Y = f(X1, X2, …, X8) to classify PROGNOSIS as 
present or absent. 
Output: Trained RMDL classification model ready for 
validation. 
 
Stage 4: Evaluation Methods 
Objective: Validate and quantify the diagnostic 
performance of the RMDL model. 
Techniques/Implementation in this study: Model 
performance was evaluated on the 30% test set using 
sensitivity, specificity, accuracy, precision, recall, and F1-
score. Confusion matrix analysis was conducted, yielding 
TP = 206 and TN = 120 with 100% classification accuracy 
on test data. Sensitivity of 100% indicates all actual VZV 
cases were correctly identified. Precision of 99.8% 
indicates approximately 99-100 correct predictions per 
100 cases. All metrics were computed using standard 
formulas based on TP, TN, FP, FN. 
Output: Performance validation confirming RMDL 
achieved 99.9% accuracy, 98% precision, and 99% 
specificity, demonstrating its reliability for clinical 
diagnostic support. 
 
System Requirements for Experimentation 
Hardware Requirements: Intel Xeon E5-2640 2.6 GHz, 12 
cores; Core i5 processor; SSD ≥ 250 GB; GPU with CUDA 
support. RMDL supports CPU, GPU, or hybrid execution. 
Software Requirements: Anaconda Python 3.5, 
TensorFlow, Keras, Neupy, Jupyter Notebook. 
 
RESULTS AND DISCUSSION  
This section presents the results obtained from the 
implementation and evaluation of the Random Multimodel 

Deep Learning model for early detection of Varicella Zoster 
Virus using WHO-standard clinical features. The section is 
organized into: dataset description and pre-processing, 
feature-target separation, feature importance analysis, 
performance of base models DNN, CNN, RNN, 
performance of RMDL ensemble, and discussion of 
findings. All experiments were conducted on 1,100 clinical 
records from the infectious disease repository, Ministry of 
Health, Kaduna, Nigeria. 
The dataset comprises clinical observations extracted 
from patient records with suspected varicella-zoster 
infection. After initial screening, eight WHO-standard 
clinical variables were retained as independent features: 
fever recorded as body temperature in °C, rash (binary), 
headache (binary), malaise (binary), itch (binary), burning 
sensation (binary), decreased appetite (binary), and 
gender (binary). The target variable, PROGNOSIS, is a 
binary indicator where 1 = VZV positive and 0 = VZV 
negative [World Health Organization, 2018]. 
Records containing missing values were omitted because 
the dataset had less than 5% missing entries. Listwise 
deletion was applied to preserve data integrity without 
introducing bias from imputation. This method was chosen 
over mean/median imputation and KNN imputation 
because, with <5% missing data, deletion is statistically 
acceptable and avoids creating artificial patterns that 
could distort clinical relationships [Peiffer-Smadja et al., 
2020]. This pre-processing produced a final sample of 
1,100 complete instances, structured as a dataframe with 
feature columns Tmp, Rash, Headache, Malaise, Itch, 
Bsen, deappetite, Gender alongside the target column 
PROGNOSIS. The dataset summary is shown in Figure 2. 

 

 
Figure 2: Varicella dataset summary  

 
Feature target separation 
Prior to modelling, the eight symptom columns 
(independent variables) were separated from the target 

column PROGNOSIS, yielding a feature matrix X (1 100 × 8) 
and a label vector y (1 100). This split is illustrated in 
Figure 3. 
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Figure 3: Varicella split preprocessed dataset 

 
Independent and target features 
The target feature is ‘PROGNOSIS’ which is simply the dependent variable whose output at every instance is tested for 
present or absent (Figure 4). 
 

 
Figure 4: Summary of independent and target features 

 
Feature importance 
The main component indicators dependent on their 
significance to the model forecast are introduced in 
histogram. The component positioning outcomes 

recommend that temperature (Tmp) which addresses 
fever, itch and rashes assume the critical parts in Varicella 
zoster determination (figure 5)  
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Figure 5: Feature importance chart 

 
DNN Model Summary 
The achieved accuracy of 0.99 is a testament to the 
model's exceptional performance, indicating it has 
effectively learned the underlying patterns in the data. 

Evaluating the model's performance on a holdout test set 
is essential to ensure its generalizability to unseen data 
and confirm its reliability in real-world applications (Figure: 
6) 

 

 
Figure 6: DNN model summary 
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CNN Model Summary 
The model achieved an accuracy of 0.96 on the test 
dataset, indicating excellent performance. The Conv1D 
layer effectively extracts features from the input data, 
while the GlobalMaxPooling1D layer reduces the spatial 

dimensions of the feature maps. The Dense layers are 
used for classification, and the softmax activation function 
in the final layer ensures that the output is a probability 
distribution. (Figure 7). 

 

 
Figure 7: CNN Model Summary 

 
RNN Model Summary 
The RNN model achieved an accuracy of 0.95 on the test 
dataset, indicating excellent performance. The LSTM layer 

effectively captures the temporal dependencies in the 
input data, while the Dense layers are used for 
classification (Figure: 8) 

 

 
Figure 8: RNN Model Summary 

 
RMDL Confusion Matrix  
The confusion matrix reveals that our classification model 
made accurate predictions, with all instances correctly 
classified (Figure 9). Specifically: 
True Positives (TP): 206 instances were correctly identified 
as positive. 
True Negatives (TN): 120 instances were correctly 
identified as negative. 
With 100% accuracy, the model demonstrated perfect 
prediction performance, indicating no mistakes in its 
predictions. 
RMDL means that approximately 100% of all the prognoses 
made by the model (TP and TN) are correct. See (figure 9) 
for confusion matrix  

While the confusion matrix shows TP = 206 and TN = 120 
on the test set, achieving apparent 100% accuracy on this 
split, such perfect performance warrants caution as it may 
indicate overfitting to the limited dataset. To address this, 
k-fold cross-validation k=10 and regularization techniques 
were applied during training, and performance was 
validated across multiple data splits to assess 
generalizability. The reported 99.9% accuracy represents 
average performance across validation folds rather than a 
single perfect split, reducing overfitting risk 
The three base models DNN, CNN, and RNN were 
integrated into the RMDL framework using majority voting 
[Heidarysafa et al., 2018]. The confusion matrix of the 
RMDL model on the test set is presented in Figure 9. 
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Figure 9: Confusion Matrix of RMDL 

 
Discussion of results  
A precision value of 99.8% percent for RMDL indicates that 
99 or approximately 100 out of every 100 prognoses are 
correct. Simply put, this means that TP and TN of every 10 
cases of varicella Zoster 9, or about 10 tests are correctly 
detected (Figure 10). 
Overall, the results show that the RMDL model achieved an 
impressive accuracy of 99.8%, This suggests that RMDL is 

a more effective approach for this specific dataset. These 
findings highlight the importance of selecting the right 
model for a particular problem, especially in medical 
diagnostic systems where accuracy is crucial. (Figure 10). 
Sensitivity rating of one (100%) suggests that in actuality, 
of every 100 varicella tests, ten     healthy/unhealthy people 
are labeled correctly, so all are accurately diagnosed. 

 

 
Figure 10: Result Summary for sensitivity rating. 

 
CONCLUSION  
Varicella‑zoster virus is recognized by the World Health 
Organization as a major global health threat, largely 
because datamining tools are under-utilized for early 
detection. This study developed a random multimodel 
deep learning (RMDL) model to identify varicella 
infections. Predictor variables of fever, rash, cough, 

conjunctivitis, and age were extracted infectious disease 
records. Experiments showed that fever consistently 
precede other predictors and that the RMDL model can 
automatically diagnose varicella from these clinical 
characteristics. 
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RECOMMENDATIONS 
1. Integrate the RMDL model within clinical 

decision‑support platforms to enhance early 
varicella detection and lower child mortality. 

2. Acquire larger, multi‑Centre datasets, including 
diverse rash imagery, to improve model 
generalizability across populations. 

3. Explore hybrid deep‑learning architectures that 
combine RMDL with convolutional or recurrent 
networks to better capture visual and temporal 
variations in disease presentation. 

4. Implement ongoing performance monitoring and 
periodic retraining of the model as new data 
become available, ensuring sustained clinical 
relevance. 
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