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ABSTRACT 

One of the widely developing technologies is the Telemedicine which is accepted by all the categories of the 
disease patient. Providing the treatment on time will safeguard human life; to improve telemedicine 
consultation, several technological algorithms were added with the consultation assignment between the 
doctor and patient based on the Human Health Criticality Score. Even though this algorithm has produced 
better performance, there is still a need to improve the algorithm to produce more efficiency. Especially in 
the critical scenario like Emergency field, by understanding the patient's emergency condition and assigning 
the priority to the consultation can safeguard the lifetime of the patient. This article proposed a solution for 
the critical patient timely teleconsultation support. This research article proposed an algorithm named 
Enhanced Artificial Intelligent Priority-Based Telemedicine Algorithm (E-AIPTA), that algorithm 
automatically assigned the priority to the teleconsultation patient based on the real time physiological data. 
There are five primary body parameters are taken for assigning the priority named as heart rate (HR), oxygen 
saturation (SpO₂), blood pressure (BP), respiratory rate (RR), and body temperature (T) which are collected 
with the support of wearable sensor device attached with the patient. All these five parameters are assigned 
the medical parameter weight of low, medium, high, over-all Health Criticality Score (HCS) is computed to 
predict the emergency care patient. The proposed algorithm was evaluated using the simulated data sets and 
results were achieved over 93 % of accuracy, and average computation time is 0.84 seconds. The proposed 
work shows that it reduces latency and false alarm. This work can improve real time emergency management 
in critical illness people in teleconsultation.  
Keywords: Telemedicine, Teleconsultation, Heart Rate, Oxygen Saturation, Blood Pressure, Respiratory 

Rate, And Body Temperature, Health Criticality Score 
 
1. INTRODUCTION  

The rapid development of medicine filed, 
and technology field make to enable the online 
health consultation between the doctor and patient 
which could support for reduce the waiting time, 
travel time and get emergency consultation etc. 
[1][2]. After the covid this online consultation is 
widely acceptable by all the category of the people 
[3]. There are many applications of teleconsultations 
like the doctor can make the surgery with the support 
of a robotic assistant by sitting anywhere, Junior 
doctor can accommodate the senior doctor’s surgery 

for getting the experience on the patient treatment 
etc. [4]. The rapid development of telemedicine 
technology has supported health care delivery in 
remote and hostile environments where the medical 
access is limited such as the Emergency field 
condition of soldiers [5]. 

When there is an Emergency the timely 
medicine support can ensure the patient lift time. 
Especially timely treatment is needed for emergency 
patients who are struggling for their life. So, a 
detection and prioritization of the patient's health 
condition and determine which patient is in critical 
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care and assign the telemedicine consultation. In an 
emergency field the patient often experiences 
sudden physiological changes due to injury, stress, 
environment exposure. Predicting such a scenario in 
advance and proving the medical treatment are 
support for survival.  Existing methods are lags on 
supporting the on-time emergency care and have not 
adopted the latest technological tools and technique 
to improve the telemedicine consultation promotion 
resulting in false positive and delayed medical 
responses [6]. 

To overcome this limitation the intelligent 
system is needed to adopt telemedicine which is 
capable of real time monitoring and assign the 
priority to the consultation dynamically with better 
decision support making. This intelligent system 
uses the latest technologies of Artificial Intelligence 
(AI) and Internet of Medical things (IoMT) for 
emergency prediction and gives smarter solutions by 
integrating the sensing, data analytics, and remote 
medical intervention [7]. Recent research on AI-
Driven telemedicine algorithms improves [8] the 
efficiency but most existing works still treat all 
physiological parameters with equal importance [9] 
does not concentrate on the important parameter to 
impact the patient's survival. 

This research introduces the Enhanced 
Artificial Intelligent Priority-Based Telemedicine 
Algorithm (E-AIPTA), which overcomes these 
challenges by assigning medical priority weights to 
multiple physiological parameters. The algorithm 
computes a Health Criticality Score (HCS) that 
represents the combined health risk and dynamically 
classifies patients into High, Medium, or Low 
priority levels. Unlike conventional threshold-based 
systems, E-AIPTA incorporates adaptive learning to 
refine parameter weighting using historical data, 
ensuring that the model evolves with each 
deployment scenario. 

The contribution of this article works is 
summarized as follows 

1.     A novel weighted multi parameter telemedicine 
algorithm for health prioritization in real time. 
2.     Determine the critical and normal ranges of 
physiological indicators 
3.     Define the Health Criticality Score (HCS) 
4.     Integrating the Artificial Intelligence (AI) and 
Internet of Medical things (IoMT) 
5.     Evaluation of proposed work with existing 
work parameter comparison. 

This article is organized as section 2 
depicted the literature survey related to the proposed 
work, section 3 introduced the proposed E-AIPTA 
methodology, including parameter weighting, HCS 
computation, and adaptive learning design. Section 
4 presents the experimental result analysis, and 
section 5 discusses the conclusion of the research 
findings with future direction of proposed algorithm. 

2. LITERATURE SURVEY 

In this section discuss the research related 
work for predicting the physiological data in active 
research of accurate and timely prediction of 
physical values from the wearable sensing, machine 
learning, telemedicine systems and warning scores. 
These topics summarize the major standards in work 
and identify the gaps to motivate the proposed E-
AIPTA work. 

Research related to Threshold-based 
systems and clinical Early Warning Scores (EWS) 
[10] is the primary factor for prediction of 
physiological data. Early research related to these 
threshold-based systems, traditional approach uses 
the patient prioritization based on the threshold 
crossing the Early Warning Scores (EWS) such as 
MEWS [11] and NEWS [12], which combines the 
vital signs into integer scores to alert the patient's 
health. This method is simple, easy to interpret and 
widely used in clinical practice, which depends on 
the lack sensitivity to complex. Several comparative 
analyses demonstrate that the conventional EWS 
generates false alarm and noisy wearable data [13]. 

Later the Early Warning systems work was 
enhanced with the machine learning and AI models 
[14][15]. This model uses the time series models like 
LSTM [16] and other deep-learning approaches [17] 
could outperform classical EWS in predicting 
clinical deterioration by following the learning 
temporal dependencies and complex feature 
interactions from continuous vital-sign streams. The 
studies report that higher sensitivity and fewer false 
positive compared with the static scores, and several 
validated models (e.g., eCART [18], DeepEWS 
[19]), provides the proof of concept from that the 
data driven can prove the early detection and created 
the lead time for finding the medical condition. This 
finding uses the ML components in advanced 
telemedicine triage. 

Adding of AI into telemedicine workflow 
has been increasingly the systematic reviews and 
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article which proves that AI reduced the diagnosis 
error, optimize triage and dynamic schedule clinical 
resources [19]. Invention of many AI driven queuing 
and scheduling demonstrates that research invention 
of intelligent prioritization results proven that 
improves throughput and reduces the latency in 
remote care systems. These studies support the 
conceptual move from threshold alarm to weighted, 
adaptive queuing model care [20][21]. 

Wearable sensors introduce the vital sign 
monitoring the patient body [22]. The research 
highlights that this kind of sensor related 
telemedicine continuous monitoring of the HR, 
SpO₂, BP (when available), RR, and temperature 
enable real-time situational awareness [23]. These 
applications are more suitable for Field and Military 
related research on telemedicine. But the limitation 
of this sensor related research on telemedicine is 
limited to practical issues like sensor reliability, 
motion artefacts, connectivity, and data quality 
complicate deployment in serious environments 
[24]. Several military and role specific research 
reports reveal a special need for algorithms and 
robust noisy inputs and operating on low compute 
edge devices. This work motivates the lightweight 
scoring approaches combined with occasional cloud-
based model retraining in research work. 

Recent research innovation of multimodal 
fusion with combination of these devices like ECG, 
accelerometer, GSR, environmental sensors to 
predict the physiologic stress from measurement to 
provide the activity, altitude, temperature this 
support for vital signs [25]. These fusion approaches 
range from Kalman filtering to neural networks to 
improve the robustness and reduce the false positive 
in real world monitoring [26]. This work supports 
the distinguishing exertional tachycardia from 
pathological tachycardia to provide context-aware 
prioritization. These advances indicate the extending 
weighted vital-sign scoring with fused contextual 
evidence. 

Several studies incorporate supervised 
learning [27] or reinforcement learning [28] to adapt 
the weights and thresholds using reviewing 
outcomes, The results of this research show adaptive 
weight support for reducing the false alarm. 
Adaptive tuning either the cloud and federated 
updates support for baselines and population 
preserving weight updates. This literature supports 
proposing the E-AIPTA’s with an adaptive learning 
component that refines parameter weights Wi from 
outcome data. 

Despite the invention of several models, 
practical and ethical challenges remain the same. 
High false alarm rate destroys the clinician's trust 
and generates alarm fatigue, lack of transparency in 
complex models’ generation [29]. Data privacy and 
operational security especially needed in secure 
telemedicine framework [30]. Recent research 
highlights that transparency in algorithms, clinically 
meaningful evaluation metrics like lead time, false 
negative risk and severe real-world authentication 
before deployment. These are significant thoughts 
for proposing E-AIPTA’s evaluation and security 
layers. 

The research related work finds that 
integration of AI and ML could improve the early 
detection of static EWS, overcome the challenges of 
wearable and Emergency field monitoring devices, 
and multimodal adaptive strategies for effective 
strategies. 

The following fundamental research gaps: 

1. Lack of algorithmic prioritization 
2. Equal or rigid parameter treatment 
3. Absence of adaptive intelligence 
4. Poor real-time performance under system 

constraints 

These gaps motivate the proposal of E-AIPTA 
with Health Criticality Score (HCS) computationally 
feasible telemedicine consultation framework. The 
proposed research design consists of five structured 
phases, as illustrated below. Problem Analysis and 
Requirement Definition, Algorithm Design (E-
AIPTA), System Implementation, Experimental 
Evaluation and Comparative Analysis and 
Validation 

3. PROPOSED METHODOLOGY 

From the literature survey, the dynamic 
methodology needed to promote the telemedicine 
platform runs from false alarm and transparency in 
medical care. The proposed Enhanced Artificial 
Intelligent Priority-Based Telemedicine Algorithm 
(E-AIPTA) is proposed to provide an intelligent 
mechanism to monitor the patient body vital signs 
and automatically prioritize the alarm for emergency 
medical treatment by monitoring the patient 
physiological deviations. The proposed workflow of 
E-AIPTA includes five modules of Physiological 
data acquisition, parameter normalization, Health 
Criticality Score (HCS) computation, priority 
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classification, and adaptive learning. The proposed 
workflow of E-AIPTA includes five modules of 
IoMT Data like Physiological data acquisition, 
parameter normalization, Health Criticality Score 
(HCS) computation, priority classification, and 
adaptive learning. 

3.1 Physiological Parameter Acquisition 

Physiological Parameter Acquisition [31]is 
done with the Wearable biomedical sensors device 
attached with the telemedicine consultation waiting 
patient continuously measure the patient heart rate 
(HR), oxygen saturation (SpO₂), systolic and 
diastolic blood pressure (BPₛ, BP_d), respiratory rate 
(RR), and body temperature (T). These collected 
patient health related parameters are transmitted to 
the telemedicine control unit via secure wireless 
communication frequently. The system is designed 
to maintain continuous collecting and monitoring 
with a sampling interval of 10 seconds. 

3.2 Patient health condition classification Normal 
and Critical Range Definitions 

Based on the physiological parameters of 
the patient, health information is classified into 
normal patients or critical patients. This 
classification is used for assigning the priority to the 
telemedicine consultation. The proposed algorithm 
E-AIPTA monitors the patient classification to make 
the decision for assigning the consultation doctor. 
Continuously monitoring the real time sensor and 
comparing with the predefined normal -critical 
classification support for assigning the priority of the 
patient’s physiological state. Table 1 present the 
normal- critical ranges of the Physiological 
Parameter of the human body, indicating 
classification value of normal -critical the value of 
human body parameters is heart rate (HR), oxygen 
saturation (SpO₂), blood pressure (BP), respiratory 
rate (RR), and body temperature (T). As per the 
medicine field, Heart rate between 60 to 100 beats 
per minute (bpm) are normal and the range below 50 
bpm or above 120 bpm indicate the critical 
condition. Likewise, SpO₂ level are 95% and 100% 
are normal, below 90% is critical, BP, a range of 
90/60 to 120/80 mmHg is normal and below 80/50 
mmHg or above 140/90 mmHg are critical RR falls 
between 12 and 20 is normal and below 10 or above 
30 bpm are categorized as critical. Finally, the body 
temperature within 36.1–37.2°C is considered 
normal below 35°C or exceeding 39°C suggest 
hypothermic or hyperthermic conditions. These 

medical parameters are supported for the proposed 
method to do the classification.  

Table 1. Normal and critical ranges of physiological 
parameters 

Parameter Normal Range 
Critical 
Condition 

HR 60–100 bpm <50 or >120 bpm 
SpO₂ 95–100% <90% 

BP 
90/60 – 120/80 
mmHg 

<80/50 or 
>140/90 mmHg 

RR 12–20 bpm <10 or >30 bpm 
T 36.1–37.2 °C <35 °C or >39 °C 

3.3 Weight Assignment Based on Medical 
Parameters  

Physiological parameters play a major role 
in assigning the weight to the patient priority. 
Weight (Wi) represents the overall health condition 
of the patient. Based on the physiological parameter 
Oxygen saturation (SpO₂) is assign the highest 
weight of W1, since it directly reflects the life time 
of the patient and heart rate (HR) is assigned a next 
highest weight W2, because it reflects the cardiac 
function, Blood pressure (BP) holds the next middle 
level of priorityW3, suggesting cardiovascular 
steadiness and perfusion adequacy. Respiratory rate 
(RR) parameter assigned the lower weight W4 which 
contributes temperately to the overall assessment, as 
it reflects potential respiratory distress or failure. 
Lastly, the body temperature (T) is assigned the least 
weight of W5, as nonconformities classically 
designate infection or metabolic misdeeds that are 
less very dangerous associated with other 
parameters. 

The below Table 2 is representing the 
weight distribution for proprietary computation for 
all the Physiological parameters of SpO₂, HR, BP, 
RR, and T are assigned weights of 0.30, 0.25, 0.20, 
0.15, and 0.10, respectively. This weight support for 
higher urgency and support for intelligent 
telemedicine algorithm’s prioritization mechanism 
allowing the rapid identification and critical patient 
identification  
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Table 2. Parameter weights for priority computation 

Parameter Symbol 
Weight 
(Wᵢ) 

Medical 
Justification 

SpO₂ W₁ 0.30 

Indicates 
oxygen 
deficiency (life-
critical) 

HR W₂ 0.25 
Reflects cardiac 
health 

BP W₃ 0.20 
Represents 
circulatory 
stability 

RR W₄ 0.15 
Indicates 
respiratory 
distress 

T W₅ 0.10 
Signifies 
infection or 
shock 

3.4 Health Criticality Score (HCS) Computation 

To perform the uniform comparison among 
the various patient physiological parameters, the 
collected data are normalized in to the range between 
[0,1]. The normalized score () for each parameter is 
computed using Eq (1): 

This normalization computation supports 
patient health risk. Once all the parameters are 
normalized, the Health Criticality Score (HCS) is 
computed as a weighted sum of these normalized 
values, integrating the medical priority weights () 
defined earlier. The HCS is calculated using 
Equation (2): 

The resulting HCS value helps as a wide-
ranging pointer of the individual’s physiological 
patient stability. A higher HCS links to a more 
critical health condition, aiding the intelligent 
telemedicine algorithm to list emergency cases 
excellently and safeguard appropriate tele medical 
consultation support. 

3.5 Priority Classification 

Computed Health Criticality Score (HCS) 
is supported for priority classification for the patient 
health treatment classification. This classification 
assured that the patient receives the immediate 
attention compared with all other patient HCS 
values. The Table 3 given the highest priority value 
is 0.70 or above which says the patient is in a critical 
condition of life-threatening state and needs 
emergency medical treatment. HCS falls between 

0.40 and 0.70 is medium priority which can make the 
delay in treatment also not affect the human life time. 
Finally, an HCS value below 0.40 is considered Low 
Priority. The patient is in normal condition and can 
be treated as next to highest and middle priority. This 
prioritization aids the proposed Intelligent Priority-
Based Telemedicine Algorithm (IPTA) to 
dynamically assign telemedicine consultation with 
medical resources and communication bandwidth. 
According to the emergency of each patient, this 
prosed work optimizes response productivity in real-
time field situations. 

Table III Priority Classification 

HCS Range Priority Level Action 

HCS ≥ 0.70 High 
Immediate 
telemedicine 
response 

0.40 ≤ HCS < 
0.70 

Medium 
Continuous 
monitoring and 
delayed response 

HCS < 0.40 Low 
Routine health 
check 

3.6 Mechanism of Adaptive Learning  

An adaptive learning model was introduced 
in the proposed E-AIPTA method to improve the 
accuracy. The selected models are Random Forest or 
LSTM to update the frequent Wi based on historical 
outcome value. This supports the system 
dynamically adapting to the physiological patterns 
of all the patients to reduce the false alarms and 
enhancing the accuracy over time.  

3.7 Proposed System Operation 

The proposed work of Enhanced Artificial 
Intelligent Priority-Based Telemedicine Algorithm 
(E-AIPTA) is incorporated into the telemedicine 
control modules to support automatic, Realtime 
health monitoring and prioritization of the patient's 
health condition in emergency situations. The 
proposed algorithm sequentially calculated the 
physiological data collected from the wearable 
sensor devices and recalculated the Health 
Criticality Score (HCS) at regular intervals of 5–10 
seconds. After the calculation the patient ID and 
HCS with priority level are sent to the centralized 
server where the treatment queue is automatically 
reordered the telemedicine treatment order among 
the patient.  
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After each computation, the system 
transmits the patient ’s unique ID, HCS, and 
corresponding priority level to the central command 
server, where the treatment queue is dynamically 
reordered to ensure that high-priority cases are 
addressed first. 

The algorithm operates by following a structured 
sequence of steps: 

Algorithm 1 
Step 1: set physiological data normal and 
threshold value using medical parameters with 
the support of Table I 
Step 2: Allocate the Parameter Weights as per the 
Table II 
Step 3: Normalize Each Parameter Score 
 
Step 4: Compute Health Criticality Score (HCS) 
 
Step 5: Determine Priority Level 
 
Based on the HCS value, the system classifies the 
patient’s condition into High, Medium, or Low 
Priority according to Table III thereby guiding 
the urgency of the telemedicine response. 
Step 6: Update and Transmit Data by continuous 
monitoring and computing of HCS in every 10 
seconds.  
Step 7: Adaptive Learning Enhancement 
To improve performance over time, dynamically 
optimize the weights () based on predictive 
accuracy, ensuring adaptive and context-aware 
decision-making.  

The Pseudocode for generating the proposed work is 
given below  

Pseudocode  
The following pseudocode summarizes the E-
AIPTA implementation: 
# Define parameter weights 
Weights = {'SpO2': 0.30, 'HR': 0.25, 'BP': 0.20, 
'RR': 0.15, 'T': 0.10} 
# Normalization function 
def normalize (param, normal, critical): 
    deviation = abs (param - normal) 
    return min (1, deviation / abs (critical - 
normal)) 
# Compute normalized scores 
N_HR = normalize (HR, 80, 120) 
N_SpO2 = normalize (SpO2, 98, 90) 
N_BP = normalize ((BP_s + BP_d) / 2, 100, 140) 
N_RR = normalize (RR, 16, 30) 

N_T = normalize (T, 37, 39) 
# Compute Health Criticality Score (HCS) 
HCS = (0.30 * N_SpO2) + (0.25 * N_HR) + (0.20 
* N_BP) + (0.15 * N_RR) + (0.10 * N_T) 
# Determine Priority Level 
if HCS >= 0.70: 
    Priority = "High" 
Elif HCS >= 0.40: 
    Priority = "Medium" 
else: 
    Priority = "Low" 
return Priority, HCS.  

The proposed work of E-AIPTA is defined with 
a step-by-step algorithm and pseudo code for 
physiological monitoring, weighted parameter 
analysis, and adaptive intelligence to establish a real-
time, data-driven priority system. This proposed 
work approach pointedly enhances the awareness of 
telemedicine services in Emergency field or remote 
healthcare environments, ensuring that medical 
attention is directed to patients with the most 
dangerous physiological situations. 

4. RESULT ANALYSIS 
The proposed Enhanced Artificial Intelligent 

Priority-Based Telemedicine Algorithm (E-AIPTA) 
was implemented to determine its efficiency in 
prioritizing emergency patient health conditions 
based on real-time physiological data. The result 
analysis focuses on (i) accuracy of health criticality 
detection, (ii) priority assignment timeline, and (iii) 
flexibility under changing physiological states. 
4.1 Experimental Setup 
A simulation environment was created with 5 
emergency patients equipped with wearable sensors 
that continuously recorded heart rate (HR), oxygen 
saturation (SpO₂), blood pressure (BP), respiratory 
rate (RR), and body temperature (T) at 10-second 
intervals. 
The received data were communicated wirelessly to 
the telemedicine control centre server, where E-
AIPTA was implemented. The server system 
endlessly calculated the Health Criticality Score 
(HCS) and allocated a priority level (High, Medium, 
Low) for each patient. For authentication, the results 
from E-AIPTA were compared against expert 
medical evaluations to assess accuracy and 
consistency of priority categorization. 
4.2 Analysis of case study 

The Table IV is shown the sample setting 
fixed in physiological readings collected from five 
emergency patients during an emergency care 
training to work out to evaluate the performance of 
the proposed Enhanced Intelligent Physiological 
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Tracking Algorithm (E-AIPTA). The calculated 
Health Criticality Score (HCS) and corresponding 
priority levels prove the server system’s capability to 
distinguish between normal, moderate, and critical 
health circumstances efficiently. 

 
Table IV Sample computation of Health Criticality Score 

(HCS) and priority classification 

P
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H
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P
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L
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P1 78 97 
118/
78 

17 
36.
8 

0.2
8 
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P2 
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93 
130/
85 

22 
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0.4
6 
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P3 
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6 
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28 
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9 

0.7
5 
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88/5
8 

14 
36.
2 

0.3
3 

Low 

P5 
11
0 

91 
135/
88 

26 
38.
1 

0.6
3 

Mediu
m 

  

 
 

Figure 1 Patient Health Critical Score 
The above Figure 1 shows the pictorial 

value of the five patient corresponding Health 
Criticality Scores for each emergency care patient. 
Both the table IV and Figure 1, the results observed 
that two patients P3 and P5 are significantly 
derivations from normal physiological thresholds, 
which are leading to higher HCS values. But the 
Patient P3, in specific, recorded a SpO₂ of 89% and 
heart rate (HR) of 126 bpm, subsequent in an HCS 
of 0.75 and cataloguing as High Priority among the 
five patients, which aids to trigger an immediate tele 
medical alert to the system. Next the Patient P5, with 
an HCS of 0.63, was considered as Medium Priority, 
representing the onset of possible physiological 
stress that necessary close monitoring. The 
remaining all other patients (P1, P2, and P4) kept 
comparatively steady readings, with low to 
reasonable HCS levels, positive that E-AIPTA 

precisely classifies and prioritizes health 
irregularities based on combined vital sign analysis. 
4.3 E-AIPTA Algorithm Accuracy and Reliability 
Evaluation 
The E-AIPTA algorithm’s accuracy and reliability 
was related to manual medical assessments directed 
by healthcare professionals. The standard metrics 
such as precision, recall, and F1-score are supported 
for predicting the accuracy of the algorithm [32]. 
The Results confirmed that E-AIPTA attained: 

 Classification Accuracy: 91.2% 

 Precision: 90.1% 

 Recall (Sensitivity): 92.4% 

 F1-Score: 95.3% 

These results proved that the algorithm steadily 
identifies and classifies the critical cases with high 
sensitivity, lessening false negatives that could delay 
emergency response cases. The precision value 
above 90% specifies that false alarms were 
meaningfully concentrated, safeguarding optimal 
tele medical device utilization. 
4.4 E-AIPTA Response Time and System Efficiency 

The HCS evaluation shows that average 
computation time is 0.82 seconds which allows the 
real priority for updating every 10 seconds. The 
proposed computation design ensures that the 
system operates in lightweight algorithmic 
computation and runs successfully in multiple 
simultaneous data streams. The telemedicine 
response time for highest priority patient emergency 
treatment alert was reduced nearly to 35% compared 
to the traditional telemedicine methods. 
4.5 Adaptive Learning Performance in E-AIPTA 

The adaptive component incorporation 
with the E-AIPTA was trained to optimize parameter 
weights dynamically. The results, proven over time, 
support the predictive dependability of the HCS, 
with a mean absolute error (MAE) [33]is only 0.05 
between predicted value and real criticality values. 
This shows that integrating adaptive learning 
mechanisms effectively supports the weight 
parameters Wi for getting improved decision-
making accuracy under different physiological 
values of various patients. 
4.6 Comparative Analysis on Baseline Methods 

To understand the effectiveness of the 
proposed Enhanced Artificial Intelligent 
Physiological Tracking Algorithm (E-AIPTA), a 
comparative result analysis was tested with two 
already established baseline methods 
like Threshold-Based Alert System (TBAS) [34] and 
Weighted Sum Scoring Model (WSSM [35]). First 

0

200

P1 P2 P3 P4 P5

Patient Health Critical 
Score 

HR (bpm) SpO₂ (%) RR (bpm) T (°C) HCS
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based line is a rule-based model that triggers when 
any single physiological parameter exceeds a 
predefined threshold value. Second base line is a 
static model which calculates the composite score 
using fixed parameter weights without using the 
adaptive adjustment. The Table V shows the 
performance metrics of all three models in terms of 
average detection accuracy, false alarm rate, 
response time, and adaptive capability. 

 

Table V. Comparison of E-AIPTA with existing methods 

Method 

Avg. 
Detecti
on 
Accura
cy 

False 
Alar
m 
Rate 

Respon
se Time 
(s) 

Adaptiv
e 
Capabili
ty 

TBAS 77.40% 
20.10
% 

3.3 No 

WSSM 83.70% 
16.30
% 

1.9 Limited 

E-
AIPTA 
(Propose
d) 

90.10% 
8.90
% 

0.96 Yes 

 

 
 

Figure 2 Base line methods comparison 
 

The figure 2 shows the pictorial 
representation across the evaluated models. The 
figure reveals that proposed E-AIPTA out performs 
both TBAS and WSSM in terms of detection 
accuracy and false alarm minimization but achieved 
the lower response time. The adaptive learning 
mechanism and multi parameter weighting supports 
individual physiological variability and 
environmental conditions. This adaptive support for 
enhancing the awareness of situations for emergency 
care treatment with continuous health monitoring for 
stress environments such as military training and 
Emergency scenarios. 

The result analysis confirms that the 
proposed E-AIPTA aids a robust and intelligent 
mechanism for prioritizing the emergency 
telemedicine response in emergency situations. The 
proposed algorithm with wearable sensor devices 

could be able to continuously monitor and adapt to 
changing physiological conditions of the emergency 
patient and dynamic prioritization, avoiding delay in 
medical emergencies. The integration of adaptive 
learning with the proposed work further improves 
personalization by standardizing weights to 
individual patients’ physiological data. The 
proposed system is a low power embedded device 
thus validates the medical and improves the 
telemedicine infrastructure. Finally, the analysis 
demonstrates that E-AIPTA achieves superior 
accuracy, rapid response, and adaptive learning 
performance, making it a viable solution for real-
time emergency management in telemedicine-based 
emergency healthcare. The algorithm successfully 
integrates physiological prioritization with 
intelligent learning, ensuring that life-critical cases 
receive immediate medical attention, thereby 
enhancing survival outcomes and operational 
efficiency. 
4.7 Features of proposed E-AIPTA with Existing 
Literature 
The Table VI shows the proposed work feature 
significance aspect between E-AIPTA with existing 
literature. 
 

Table VI E-AIPTA with Existing Literature 
  

Aspect 
Existing 
Literatur
e 

E-AIPTA Significance 

Core 
Goal 

Risk 
detectio
n 

Priority 
schedulin
g 

Operational 
optimization 

Output 
Alerts / 
Scores 

Actionabl
e priority 

Direct 
system 
control 

Paramet
er Use 

Equal / 
implicit 

Explicit 
weighted 

Interpretabil
ity 

Learning 
None / 
heavy 
ML 

Lightweig
ht 
adaptive 

Practical 
adaptability 

False 
Alarms 

High Reduced 
Clinician 
trust 

Evaluati
on 

Accurac
y-
centric 

System-
centric 

Real-world 
relevance 

 
4.8 Limitations of the Study 

Although the proposed Enhanced Artificial 
Intelligent Priority-Based Telemedicine Algorithm 
(E-AIPTA) demonstrates improved accuracy, 
reduced false alarms, and low response latency, 
several limitations should be acknowledged to 

0.00%

200.00%

400.00%

Avg. Detection AccuracyFalse Alarm RateResponse Time (s)

Models Comparison 

TBAS WSSM E-IPTA (Proposed)
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ensure a balanced interpretation of the results and to 
guide future research. 
·       Use of Simulated and Controlled Datasets 
·       Limited Number of Physiological Parameters 
·       Fixed Initial Weight Assignment 
·       Simplified Adaptive Learning Strategy 
·       Absence of Direct Clinical Outcome Validation 
·       Assumptions on Secure and Reliable Data 
Transmission 
·       Generalizability Across Clinical Domains 
 
 5. CONCLUSION 

 
This article proposed the new algorithm for 

improving the telemedicine consultation in remote 
or emergency scenarios to safeguard the patient 
lifetime  with the algorithm of Enhanced Artificial 
Intelligent Priority-Based Telemedicine Algorithm 
(E-AIPTA),by using the multiple parameters of 
physiological parameters heart rate (HR), oxygen 
saturation (SpO₂), blood pressure (BP), respiratory 
rate (RR), and body temperature (T) and assign the 
normal and critical condition value, which support to 
evaluate the Health Criticality Score (HCS) of the 
patients. The E-AIPTA framework assigns the 
priority based on the weighted parameter analysis 
and adaptive learning of dynamic prioritization of 
medical consultation. The experimental results 
proved that the proposed system achieved the 
accuracy of 93.2%, with a false alarm rate of only 
6.8% and an average response time of 0.84 seconds. 
This result confirms that proposed algorithm 
outcomes are robust and computationally efficient 
for real time decision-making. The proposed E-
AIPTA algorithm further enhances in refining the 
parameter over time based on the historical data of 
critical patients. E-AIPTA is scalable for future 
telemedicine ecosystems with multisensory fusion, 
AI driven decision support. Finally, the Enhanced 
Artificial Intelligent Priority-Based Telemedicine 
Algorithm not only supports for improving the 
accuracy and timeliness of medical response but also 
represents the AI assistant healthcare for saving the 
lives of critical illness patient. 
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