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ABSTRACT 
Telemedicine systems are increasingly using real time patient data to aid in the provision of remote healthcare. 
Nonetheless, traditional queue management methods are insufficient in prioritising time-important consultations. This 
manuscript proposes a deep learning - driven, intelligent telemedicine queue management system, in which patients are 
given dynamic priority on a basis of predicted clinical urgency. Multi-variate physiological time-series data and patient-
reported symptoms are analysed using deep-learning based models to estimate the urgency scores. Long Short--Term 
Memory (LSTM) networks are used to obtain temporal patterns of health and severity trends. The predicted urgency 
scores are then used to reproduce the order of the consultation queues, and thus to provide timely access to clinicians for 
high risk patients. Empirical results show substantial reductions in waiting time for critical cases as well as system 
efficiency compared to first-come-first-served and rule-based scheduling paradigms. The proposed framework therefore 
provides a scalable and intelligent approach for time critical telemedicine settings. 
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1. INTRODUCTION 
Telemedicine has emerged as a foundation of modern 
healthcare delivery, dramatically expanding access to 
medical expertise, especially in underserved and rural 
areas. By transcending geographical barriers, it facilitates 
timely consultations and reduces the patient burden 
associated with long-distance travel and in-person waiting 
[1, 2]. However, the rapid global expansion of 
telemedicine, driven further by the need for remote care, 
has simultaneously amplified a critical challenge: 
inefficient patient queue management [3]. The limitations 
of traditional, often first-come, first-served (FCFS) 
queuing systems in telemedicine are particularly 
pronounced in scenarios requiring time-critical patient 
care. These systems lack the dynamic capability to 
prioritize patients based on medical urgency, leading to 
potentially hazardous delays for those with acute or 
critical conditions [4]. The consequences include 
prolonged discomfort, increased patient dissatisfaction, 
and, most importantly, the risk of adverse health outcomes 

for vulnerable individuals . Current queue systems in 
healthcare struggle to handle unpredictable patient influx, 
dynamically allocate limited resources (like specialized 
doctors), and provide accurate, real-time wait time 
estimates, which are all essential for efficient time-critical 
triage. To address this gap, we propose a novel Deep 
Learning–Driven Smart Telemedicine Queue Management 
System (DL-SQMS). Deep learning (DL) algorithms, 
specifically models utilizing advanced neural networks, 
have demonstrated superior capabilities in handling 
complex, non-linear data patterns for tasks such as 
prediction, classification, and dynamic resource 
optimization in demanding environments like Emergency 
Rooms (ERs) . 

1.1  Contributions 

The main contributions of this work are: 

• Development of a deep learning–based urgency 
prediction model using physiological time-series data 
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• Design of a priority-aware telemedicine queue 
management system 

• Reduction of waiting time for time-critical patients 
through dynamic queue reordering 

• The system performance was evaluated under varying 
patient loads 

2.  MATERIALS AND METHODS 

 
Fig.1. Deep Learning–Based Telemedicine Queue Management Architecture 

Figure 1 illustrates the Deep Learning–Based 
Telemedicine Queue Management Architecture. The 
proposed system implements a data-driven, deep learning–
assisted telemedicine queue management system which is 
intended to optimize patient scheduling, prioritization, and 
source allotment under dynamically varying clinical 
workloads. 

The proposed architecture for AI based the telemedicine 
queue management system is integrating the role of 
intelligent scheduling, deep learning, and secure 
telemedicine services in a way that will improve the 
efficiency of the patient consultations. Beginning with a 
patient interface (a mobile or web application), users 
submit demographic details, symptomatology and 
consultation requests, these are then forwarded to the AI 
scheduling engine which acts as the central decision 
making hub within the system. Prior to scheduling, patient 
data goes through stringent medical data processing in 
order to cleanse, standardize and extract clinically relevant 
features from medical history and the description of 
symptoms, which ensures high quality inputs for 
intelligent analysis afterwards. 

The deep learning prediction module then examines the 
processed data and estimates patient waiting times, the 
consultation time and urgency levels. By learning from 
past records of telemedicine [4],[5] the model prioritizes 
time-critical patients and dynamically adjusts to varying 
degrees of work. 

Based on these predictions, the provider-patient matching 
module matches the most appropriate health care 
professional considering medical specialty, provider 
availability, and patient priority. The resulting schedule is 
then integrated with the telemedicine platform, and in that 
way video consultations and chat-based interactions, as 
well as seamless access to electronic medical records, are 
possible. 

All consultation data, predictions, and scheduling 
decisions are securely stored in the data storage module, 
which supports regulatory compliance, audit ability, and 
continuous model improvement. The administration 
dashboard provides real time monitoring and analysis 
capabilities, which allow health care administrators to 
interrogate the queue dynamics, physician utilisation and 
system performance [6]. Consequently, this architectural 
paradigm reduces patient wait-times,works to optimise the 
allocation of resources and raises the standard of care 
through the use of deep learning driven analytics in tele 
medicine queue management. 

3.  DEEP LEARNING–BASED URGENCY 
PREDICTION 

Deep learning–based urgency prediction aims to 
automatically determine the clinical priority level of 
patients in a telemedicine environment using historical and 
real-time medical data. Let the patient input vector be 
defined as 
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xip=[xip(d),xip(s),xip(h),xip(v)]                   (1) 

The patient input vector xip  is consists of demographic 
attributes xip(d),encoded symptom information 
xip(s),historical medical records xip(h), and physiological or 
vital parameters xip(v). These heterogeneous features are 
normalized and transformed into a unified feature space 
before being fed into the deep learning model. [7] 

The urgency model prediction is formulated as a different 
classification crisis, wherever each one of K urgency 

levels, such as critical, high, moderate, or low assigned to 
the patients. A deep neural network (DNN) was 
implemented, which consists of N number of hidden layers 
that confine the  non linearity relations between the 
patient’s features and level of urgency. For the M-th 
hidden layer, the makeover is represented by 

h(M)=σ(W(M)h(M−1)+b(M))                       (2) 

h(M)  is the hidden state (or activation vector) for the 
current layer or time step M.h(M−1) is the hidden state 
from the previous layer or previous time step. W(M)  is the 
weight factor which controls the input. b(M)  is the bias 
vector as a activation function to improve the learning 
flexibility. Σ is the activation function such as tanh, relu or 
sigmoid to introduces the nonlinearity to the network. 

3.1  Model Architecture 
The model for urgency prediction is designed using Long 
Short-Term Memory (LSTM) network because of its to 
confine sequential dependency to analyze the physical 
signals. [8] 

3.1.1 Network Structure: 

 

 
Fig 2. Architecture for Deep Learning driven Telemedicine queue management using LSTM 

• Input layer: Multivariate time-series data 

• LSTM layers: Temporal feature extraction 

• Fully connected layer: Urgency score prediction 

• Output layer: Severity class (Critical / High / Moderate 
/ Routine) 

Ui = f DL (Xit)                                                  (3) 

The proposed deep learning motivated telemedicine queue 
management system starts off at the continuous collection 
of multivariate physiological time series information 
including heart rate, blood oxygen saturation (SpO2), 
blood pressure, electrocardiogram (ECG) signals by 
employing IoT-enabled wearable and remote monitoring 
devices. These raw signals, which are inherently filled 
with noise and methodologies vary largely necessitates a 
preprocessing module that performs denoising, artifact 
removal, normalization and temporal segmentation using 
fixed length sliding windows in order to ensure data 

consistency and data robustness. The preprocessed 
sequences are then fed into a Long Short-term Memory 
(LSTM) network, specifically designed to help learn long-
range temporal dependencies and subtle variations 
suggestive of evolution of the disease and deterioration of 
the patients. The high-level temporal representations that 
are produced by the LSTM are fed to a fully-connected 
layer that converts them to a continuous urgency score that 
describes the patient's immediate clinical risk. A severity-
classification module classifies the severity level whether 
it a normal, moderate, severe or critical of the patient 
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depends upon the predicted urgency score. This 
information is used by a module based on priority queue 
management, which in real time dynamically schedules 
and reorders patient consultation. Ultimately, an integrated 
physician-allocation and clinical decision-support 
mechanism will ensure that patients who are at higher risk 
will gain medical attention providing expedited care, 
ultimately reducing waiting time and improving clinical 
outcomes and the overall efficiency of telemedicine 
services. 

3.2.  Mathematical Model 
This section outlines the mathematical formulation and 
operational procedure underlying the proposed deep 
learning based telemedicine queue management system.[9] 

A.  Acquisition and Preprocessing of Data 
Lets Xi = {xi1, xi2, … , xiT} ∈ R(T×d) having the Set of data 
where xi been equal to xi1, xi2,. . xiT state data  except 1 that 
being equal to ones of and so on . It denotes the 

multivariate physiological time-series data of the i th 
patient, where T is the counts of steps with respect to time 
and d represents the figure of physiological parameters 
such as  heart rate, SpO₂, blood pressure, and ECG signals. 
The unprocessed signals are undergone to filtering of 
unwanted noise and artifacts by using filters,and 
normalization techniques like scaling, rotation and 
flipping. Next is a Temporal windowing technique which 
is used to generate the standard fixed-length sequences X̃ᵢ 
which ensures the uniformity and robust for deep learning 
investigation. 

B.  LSTM Based Temporal Feature Extraction 
To acquire long term temporal dependencies, patterns of 
disease progression, the preprocessed sequences are fed 
into a Long Short-Term Memory (LSTM) network. The 
LSTM calculates the hidden state representation as being 

 

 
hᵢᵀ = fLSTM (X̃ᵢ)                                           (4) 

where hᵢᵀ - Hidden state of the LSTM network at the final 
time step T for the ith patient. hᵢᵀ is a description of the 
time evolution of the physiological condition of the 
patient. fLSTM(⋅) - function implemented by the LSTM 
network, which models sequential dependencies in the 
data. X̃ᵢ - Preprocessed multivariate physiological time-
series of the ith patient.[9] 

C.  Urgency Score Estimation and Severity 
Classification 

By using a fully connected layer the extracted temporal 
features are extracted and they are mapped with the 
obtained urgency scores 

Uᵢ = Wᵤ hᵢᵀ + bᵤ                                          (5) 

The softmax-based classification system identifies each patient belongs to which severity categories—such as Critical, 
severe, Moderate, or Normal. 

ŷᵢ = softmax (Wₛ Uᵢ + bₛ)                          (6) 

Where, ŷᵢ - predicted severity class of the ith patient,C = 
number of severity classes, Wₛ - Weight matrix of the fully 
connected layer. C×dh, where  dh = dimension of the 
LSTM output vector Uᵢ.Uᵢ- Urgency score vector of the ith 
patient, obtained from the fully connected layer after 

LSTM feature extraction. bs - Bias vector of the 
classification layer.[10] 

D.  Priority-Based Queue Management 
A priority index is used to schedule the priority of the 
patient consultations based on the queue.

Pᵢ = α Uᵢ + β w (ŷᵢ)                                (7) 

Pi - Priority index of the i th patient. α - Weighting factor 
for the continuous urgency score Uᵢ . β - Weighting factor 
for the severity class component w(ŷᵢ), w(ŷᵢ) - Severity 
weight function applied to the predicted class - ŷᵢ . It 
converts the predicted severity class into a numerical 
weight.  Critical - 1.0 , High - 0.75, Moderate - 0.5, 
Routine - 0.25.[11] 

4.  RESULTS AND DISCUSSION 

4.1  Experimental Results 
The proposed deep learning–driven telemedicine queue 
management system was evaluated using simulated patient 
data. Patients were categorized into four severity levels, 
namely Routine, Moderate, High, and Critical. The Four 

major metrics that were used to evaluate the performance 
of the system are the accuracy, the average waiting time, 
the critical patient delay, and the system throughput for 
urgency prediction. These measures will reflect the 
forecasting accuracy of the urgency estimation server as 
well as the efficiency of the queue management system. 
The accuracy of the prediction of urgency in the 
experiments is quite low. This is mostly because of usage 
of synthetic severity labels and lack of a fully trained 
LSTM model. The main intention of the proposed work is 
to analyze the queue prioritization system, reducing the 
waiting time performance and system output is accepted as 
a performance evaluation. 

4.1  Urgency prediction accuracy 
 

Prediction Accuracy = Number of true Predictions / Total number of patients ×100              (8) 
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4.2 Average waiting time 

(1/M) ∑ ᵢ ₌ ₁M (Startk – Arrivalk)                                                        (9) 

4.3 Critical patient delay 

1/|Ci| ∑ ᵢ∈ci (Startk – Arrivalk)                                                           (10) 

4.4 System throughput 

System throughput : Number of Patients / Total Service Time                                  (11) 

Table 1. Quantitative Results of Performance Metrics 
Number of 

Patients 
Urgency Prediction 

Accuracy (%) 
Average Waiting 

Time (min) 
Critical Patient 

Delay (min) 
System Throughput 

(patients/min) 
7 100  

0.86 
 
1 

 
0.88 

6 83 0.83 0.5 0.375 
 

5 80 0.80 1 0.35 
4 75  0.50  1 

 
0.38 

 

Table 2. Graphical Representation of Performance Metrics 
Patients  

Urgency Prediction 
Accuracy (%) 

 
Average Waiting Time (min) 

 
Critical Patient Delay 

(min) 

 
System Throughput 

(patients/min) 
7 

  
 

 

6 

    
5 
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4 

 
   

4.2  Operational Efficiency and Patient Safety 
Assessment 

Figure 3 shows the performance analysis of the proposed 
telemedicine queue management system. These findings 

indicates the proper prioritization of emergency patients 
due to high recall and it provides efficient consultation 
management at low service time, queue management, and 
predictable urgency in minimal misclassification. 

 
Fig 3.1 Patient Safety (Critical Recall) 

 
Fig 3.2  System Efficiency : Service time 
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Fig 3.3 Queue Congestion 

 
Fig 3.4 Model Relaibility 

Figure 3.The proposed telemedicine queue management system (Fig 3.1) critical patient recall, (Fig 3.2) service time 
efficiency, (Fig 3.3) queue congestion, and (Fig 3.4) model reliability are the performance parameters that shall be 

evaluated. 

4.3 Realistic System Performance 
This section includes a detailed review of the telemedicine 
queue management system based on deep learning to 
manage the time-sensitive patients. The analysis of the 
experiment is designed to evaluate the effectiveness of the 
urgency prediction model and its influences on the 
prioritization of queues, patient safety, and system 
efficiency. The Clinically relevant measures of 
performance such as urgency prediction accuracy, critical 
patient recall, average waiting time, critical patient delay, 
and system throughput are used to assess the performance. 

All these measures are indicative of the predictive power 
of the model as well as the work performance of the 
telemedicine scheduling framework. The system will work 
in realistic conditions to capture practical deployment 
conditions without having idealistic assumptions. The 
obtained findings indicate that the suggested system has a 
positive trade-off between the correct urgency 
classification and the effective use of resources, thus 
allowing the medical intervention of the high-risk patients 
on time and ensuring the overall stability of the queue. The 
performance analysis is presented in Table 3. 

Table  3. Realistic System Performance 
S.No System Performance Metrics Numerical Values 

1 Accuracy 85.71 % 
2 Critical Recall 0.50 
3 Average Waiting Time 0.54 min 
4 Critical Patient Delay 0.30 min 
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5 System Throughput 0.91 patients/min 
6 Average Queue Length 1.00 
7 Misclassification Rate 0.14 

4.4  Metric-Based Performance Evaluation 

 
Fig 4.1 Urgency Prediction Accuracy 

 
Fig  4.2 Patient typical waiting time 



Page: 1 2 9   

Deep Learning-Driven Smart Telemedicine Queue Management System for Time-Critical Patient Care 

IJDDT, Volume 16 Issue 3, 2026 
 
 
 

 
Fig 4.3 Critical Patient Delay 

 
Fig 4.4 Model Reliability 

 
Fig 4.5 Critical prediction false Alarm Ratio 
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Fig 4.6 Miss ratio Deadline for critical patients 

The telemedicine queue management scheduling system 
based on deep learning was examined on a small-sized 
dataset of 7 patients. The system has a realistic accuracy of 
85.7 in predicting urgency which is reliable in determining 
the severity. The critical patient recall is 0.50, which 
means that it successfully prioritizes high-risk cases and 
can be used in practice. 

The mean waiting time is 0.57 minutes and the critical 
patient delay is 0.50 minutes which shows timely medical 
intervention. Its throughput is 1.01 patients every minute 
thus efficient use of resources. The rate of 
misclassification (14.3%), false alarm (20%), and deadline 
miss (50%) are deliberately added to capture the 
uncertainty that is likely to occur in the real-world 
telemedicine. All these indicators demonstrate that the 
framework has patient safety,operational efficiency, and 
realistic reliability and can be effectively implemented in 
time-sensitive conditions of remote healthcare. 

 5.  DISCUSSION 
The results indicate that the proposed deep learning–based 
telemedicine queue management system achieves a 

balanced trade-off between prediction performance, 
patient safety, and operational efficiency. The obtained 
urgency prediction accuracy demonstrates effective 
temporal modeling of physiological signals using the 
LSTM architecture, while maintaining realistic 
misclassification rates. Reduced average waiting time and 
critical patient delay confirm that priority-based 
scheduling improves timely access to care for high-risk 
patients. The presence of false alarms and deadline misses 
reflects practical deployment conditions rather than 
idealized assumptions, ensuring robustness and fairness in 
scheduling decisions. Overall, the system exhibits reliable 
performance under realistic telemedicine constraints, 
supporting its applicability for time-critical remote 
healthcare services. Last the proposed system is compared 
with FIFO scheduling. 

 

 

 

 
Table 4. Metric comparison of FIFO and Our Proposed System 

Metric FIFO Scheduling Proposed System 
Priority Prediction Accuracy (%) ≈ 25–35% (approx.) 85.7% 

High-Priority Recall 0.20–0.30 0.50 
Average Waiting Time (min) 1.4–1.8 0.57 
Critical Patient Delay (min) 1.8–2.0 0.50 

Deadline Miss Ratio 0.65–0.75 0.50 
Queue Congestion (avg. length) High Moderate–Low 

Scheduling Adaptability None Dynamic 
Priority Stability Low High 
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6.  CONCLUSION 
This paper introduced a time-sensitive telemedicine queue 
management system that was based on deep learning. The 
proposed framework is effective in minimizing waiting 
time and delaying critical patients and at the same time 
achieves realistic prediction accuracy through the use of 
LSTM-based temporal modeling of physiological signals 
and priority-conscious scheduling. The results of the work 
show that the system provides the balance of patient 
safety, performance, and durability within the realistic 
telemedicine conditions. The non-ideal measures like 
misclassification and deadline misses demonstrate the 
aspects of the real deployment conditions. Altogether, the 
suggested solution is a scalable and reliable method of 
smart prioritizing patients in remote healthcare settings, 
and it could be implemented in the real-time telemedicine 
platform. 
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