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dent. Although the 24/7 representation of the senior 
radiological staff in most of the tertiary care centers 
makes errors negligible still one can expect this to 
happen. Data science can prove beneficial in this by 
providing image recognition through the data set images 
that are in place in most of the radiology software like 
PACS. In low resource settings, it may be difficult to find 
such modalities but the deployment of software that 
utilizes data science may prove beneficial in improving 
and getting timely decisions for patient care. 

In conclusion, data science has many dimensions which 
clinical researcher from the developing world can utilize 
and improve their patient care. Developing countries 
should strive to develop their data scientist workforce. 
This must be capable of both creating data science meth-
odology and applying these approaches to emergency 
care settings. The clinical scientists should be involved in 
creating data, choosing outcomes to predict and finally 
developing rigorous testing algorithms in order to 
confirm that its principles remain anchored to the reali-
ties of clinical care in LMICs. The young investigators in 
LMICs should consider for applying for training or capac-
ity building grants in data science from either National 
Institute of Health (NIH) or Common Wealth to opera-
tionalize in a constructive way and develop ongoing facul-
ty development programs and fellowship training. The 
promise of big data is a reality and efforts are needed both 
at the policy level and research field to amalgamate its 

blessings in the emergency care canvas of the developing 
world.
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Dear Sir,

Data science has received much boost and 
appreciation in the past few years. It is in 
discussion in the healthcare industry both in 
the developed and developing nation’s land-
scape. (1) Data science is defined as a concept 
to unify statistics, data analysis, machine 
learning, artificial intelligence, and their 
related methods in order to understand and 
analyze actual facts with the data. (2) It has 
got the potential of making better decisions 
in healthcare, starting from personalized 
treatments, acute and preventive care. (3) In 
the current essay, we aim to explore the 
areas where data science can be helpful to 
improve emergency care and its systems in 
low middle-income countries.

Data science can have a major impact on 
healthcare, and emergency medicine can be 
a major beneficiary in low resource settings. 
The areas where data science or its compo-
nents can be utilized are; disaster prepared-
ness, acute care algorithms, resuscitation, 
triaging, patient throughput, radiological 
image interpretation, etc. The utility of 
machine learning can play a pivotal role in 
disaster preparedness in settings that have 
an unstructured health care system. Setting 
up a unit that is governed by city adminis-
tration can effectively manage the allocation 
of resources and intimating hospitals in 
disasters. The machine learning algorithms 
can be developed after seeing in the previ-
ous disaster occurrences and emergency 
departments’ data of the city. Acute presen-
tations form a major burden of patients 
visiting the ED of low resource settings. In 
times of such burden, errors are a possibility 
that can be reduced by the utilization of 
artificial intelligence and machine learning 
algorithms during resuscitation. Consider-
ing an example of Advanced Cardiovascular 
Life Support (ACLS) was based on data, a 
predicted model can be developed which 
incorporates patient demographics and 
presentation details with shockable or 
non-shockable rhythms. Deployment of 
such algorithms based on the predictive 

modeling on the data gathered might 
improve the care and resuscitation in times 
of increased patient load where cognitive 
errors are deemed to happen. Emergency 
departments are a pivotal interface between 
the healthcare systems and communities 
that come under its umbrella. Triage is an 
area where risk stratification through vitals 
and a brief history might prove very effec-
tive in providing patient care. This system 
might collapse in situations where a disaster 
occurs and countries where there is a fragile 
healthcare system this may prove deleteri-
ous. Places, where there are only a few 
tertiary care centers, triaging process, may 
collapse where ED decisions have far-reach-
ing consequences for patient morbidity and 
mortality and healthcare costs. Data science 
augmented with machine learning have an 
added advantage to clinician cognition in 
the ED. Exploration of the data surrounding 
these encounters is an opportunity to classi-
fy acute diseases with precision together 
with better healthcare utilization and finally 
improving public health. The emergency 
departments are unique as the patient 
presentations are poorly classified using 
common taxonomies for the disease classifi-
cations. The most widely used ICD-10 code 
may not exist in actual clinical practice that 
creates problems for data capture. To over-
come this, syndromic taxonomies was intro-
duced by the Center for Disease Control 
(CDC).(4) The utilization of these syndromic 
taxonomies compared to the widely used 
ICD-10 coding can open a new Pandora for 
the effectiveness of disease based care 
compared to the syndromic taxonomy based 
care in the ED through the deployment of 
data science methodologies. This would 
help to better understand the diagnostic 
decisions taken at the provider level and 
facilitate in the interpretation of the accura-
cy of relatively nonspecific criteria that can 
be tied to performance metrics that may 
trigger with inappropriate care.(5) Radiologi-
cal image interpretation is a skill that an 
astute emergency physician must be confi-

Ventricular fibrillation and ventricular tachycardia 
(VF/VT), known as shockable (SH) rhythms, is the main 
cause of sudden cardiac arrests (SCA). The performance 
of the shock advice algorithm (SAA) applied in the auto-
mated external defibrillator (AED) has been improved by 
using machine learning technique and variously conven-
tional features by using a novel algorithm with relatively 
high performance for the SCA detection on electrocardio-
gram (ECG) signal. (2) Heart Hero, which was created with 
a simple mission to save more lives from SCA, has devel-
oped a revolutionary personal AED device to make 
lifesaving technology available to the consumer market. 
“Elliot,” the purse-sized device weighs just over one 
pound, operates using store-bought batteries, includes 
step by step instructions and visual prompts, features 
artificial intelligence, and a partner smartphone app. (3)

Another algorithm, CheXNet, claimed as the biggest chest 
x-ray data set, when was compared with academic radiol-
ogists exceeds the performance.  (4)  It uses a heat map for 
localizing the areas of the image most indicative of pneu-
monia.

Out of hospital cardiac arrest (OHCA), ML framework 
which works in the background of incoming calls to the 
dispatchers showed higher sensitivity and specificity to 
emergency dispatchers. It was built with a goal of getting 
the text classified for communications around OHCA. The 
algorithm involves data mining of predictions for the ACS 
related deaths. ML based risk score to predict early 
mortality following ST segment elevation myocardial 
infarction has been developed using a statistical 
approach. On this ML algorithm using available variables, 
AUC (area under the curve) has been cited from 0.64 to 
0.91. This model has performed equally well to Global 
Registry of Acute Coronary Events (GRACE) and has 
exceeded Thrombolysis in Myocardial Infarction (TIMI) 
score. (5)

ML outperformed the Trauma and Injury Severity Score 
(TRISS) studies revealed ML applications have been 
utilized for life saving methods in trauma and data 
mining processes to identify tweets about influenza hence 
increased use of data mining and geographical informa-
tion systems to help detect maximum numbers of influen-
za cases. (6)

AI could be useful for developing risk stratification tools 
to triage patients. Subjective assessments at triage have 
shown limited ability to risk stratify sick patients. E-triage 
systems evaluation based on ML showed beneficial 
results that predict outcomes from serious illnesses hence 
will enable EM physicians and staff for better patient 
differentiation. (7)

Limitations for AI bears some ethical and legal implica-
tions. In a NEJM op-ed, it was stated, "Remaining 

ignorant about the construction of machine-learning 
systems or allowing them to be constructed as black 
boxes could lead to ethically problematic outcomes." (8)

Although deep learning involves in depth algorithmic 
data processing with relatively less human reasoning, 
careful approach for its utilization has to be taken into 
account. The accuracy in AI algorithmic predictions is 
persuasive to be considered for its usage in the emergency 
departments for solving key issues. However the reported 
limitations can shadow clinical decision making accuracy. 
Therefore intensive data interpretation involving close to 
live decision making scenarios is required before full 
adoption of the AI in the emergency department. 
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Dear Sir, 

The advent of big data set and Artificial 
Intelligence algorithms in health care 
settings have generated huge excitement 
suggesting improvement in diagnostic 
methods and treatment modalities. Artifi-
cial Intelligence (AI), Deep learning (DL) 
and Machine Learning (ML) has been 
coined as the cognitive revolution and now 
increasingly being used in healthcare insti-
tutions. Machine Learning algorithms 
invariably require structured data, whereas 
Deep Learning networks rely on layers of 
the artificial neural networks. Machine 
learning algorithms are built to “learn” to do 
things by understanding labeled data, then 
process it to yield further outputs with more 
sets of data.(1) 

AI can be applied in most areas of the emer-
gency department. Its application in emer-
gency medicine (EM) provides algorithms 
for predictive modeling, patient monitoring 
and department operations in the emergen-
cy room. These methods involve classifica-
tion and clustering algorithms, natural 
language processing, text mining, image 
understanding, computer vision, and robot-
ics. (1)

Technology and problem-driven collabora-
tions between computer sciences and medi-
cal sciences can be the focal points of AI in 
emergency medicine. In this era, there is a 
lot of conversation about innovations to 
develop novel solutions in particular of 
developing world settings, AI is likely to 
benefit EM through its digitization power 
and information storage. Current AI appli-
cations are meant to work across clinical 
domains and have potential to augment 
patient care with efficient and high-quality 
health care delivery. 

AI is computer systems development based 
to perform tasks requiring human intelli-
gence. AI algorithms so far proven benefit in 
time sensitive conditions such as the early 
warning systems for cardiac instability, 
sepsis, rapid triage screening, real time 

ultrasound analysis, higher accuracy in 
detecting abdominal free fluid, wrist‐worn 
accelerometers to detect seizures and smart 
carpets to determine fall, public health 
surveillance, suicide risk identifications, 
detection of pneumonia, 3D segmentation 
of subdural hematoma, risk assessment of 
cerebral aneurysm rupture and stroke 
evaluation.(1)

The role of AI in our era has been stated by 
Dr. Thrun: (1)

"Did the phone replace the human voice? 
No, the phone is an augmentation device. 
The cognitive revolution will allow com-
puters to amplify the capacity of the 
human mind in the same manner. Just as 
machines made human muscles a thou-
sand times stronger, machines will make 
the human brain thousand times more 
powerful."

While the literature has suggested utiliza-
tion of multiple AI applications in health 
care such as radiology, it has been barely 
used in the emergency room (ER). We 
believe that with the fast-paced momentum, 
AI in the ER will not only improve patient 
care but will accomplish efficiency. 

Most of the research using AI are doing risk 
prediction, with inputs such as demographic 
data, admin data, lab and vital signs, and 
others such as imaging. However, the disad-
vantage of AI is that the prediction models 
are usually black box, i.e. clinicians cannot 
interpret the model and linkages outlined by 
inputs and outcomes. This hinders the 
real-world implementation of AI models. In 
the future, there might be solutions to over-
come these deficiencies and also to make 
systems more robust through utilizing the 
previous successful outcomes.

From the emergency medicine perspective, 
AI possesses applications, which when 
applied in the right scenario will produce 
awesome results. 
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healthcare provision in low-income and middle-income 
countries. (6) Emergency departments are usually over-
crowded, poorly equipped and understaffed, hindering 
the accurate monitoring of physiological parameters 
required for NEWS implementation. Although data is 
limited, studies evaluating NEWS in these settings show 
wide variation in performance. (7) Few studies have 
explored the association between emergency department 
(ED) NEWS with hospital admission and inpatient 
mortality; as higher NEWS is associated with higher 
probability of being admitted to the critical area and 
higher inpatient mortality. (8) These findings suggested 
that NEWS could be used as a tool to identify patients 
requiring admission to the hospital and at an increased 
risk of death.

NEWS score is part of our nursing triage document since 
2014 and is being recorded in each patient by default, but 
patients are mainly prioritized according to Emergency 
Severity Index (ESI) which depends upon understanding 
of nurses and sometimes results in undertriage of over 
triage. (9)

Thus, we have evaluated NEWS performance in our popu-
lation, with respect to its association with triage, admis-
sion, disposition, length of Stay, reappearance, and 
mortality prior to advocating its implementation in our 
settings.

METHODS
The study protocol was reviewed and approved by Shifa 
International Hospital Institutional Review Board. 
Patients are seen in the ED between November 2018 and 
April 2019 (either discharged from the ED or admitted 
towards or Critical Care units) were 10138 in total. A 
random sample of 1000 patients was extracted using 
Simple random sampling technique including every 10th 
encounter in emergency department. 

On a daily basis, Variables of interest were collected on a 
data collection Performa. These Variables included demo-
graphics (age, gender), date and time of clinical events 
(ED admission time, length of stay in ED), ED NEWS and 
Priority level as per ESI triage system, reappearance in 
ED in two weeks and ED Mortality. In addition, outcomes 
of interest including admission to a critical area, length of 
hospital stay and in-hospital mortality were extracted.

The analysis was performed using SPSS version 23.

The number and percentages of patients demographics 
(age and Gender) were reported. Also, patients who were 
either discharged or admitted to the hospital from emer-
gency department were also documented. 

Distribution of Comorbid conditions in different ED 
NEWS categories of patients sample included in the study 

is also reported in frequency and percentages.

The NEWS was recorded as continuous data and then the 
distribution of patients in different well-established 
severity categories of NEWS (zero, mild, moderate and 
severe) was sorted respectively. 

 Priority Level according to ESI, which is our current 
triage tool were also recorded ranging from p1 to p5, and 
its comparison was done with NEWS score.  

Disposition of patients from ED to the critical area (like 
ICU, CCU, stroke unit, HDU) or ward was compared in 
different NEWS categories using Pearson’s chi-square. 

Then the determination of the association of the NEWS 
with inpatient mortality in ED was done using Pearson’s 
chi-square test analysis. To determine the association of 
the NEWS with inpatient mortality, the aforementioned 
analysis was repeated.

The association between length of hospital stay in days 
and NEWS severity category was determined using Pear-
son’s chi-square test and Spearman’s correlation coeffi-
cients.

Reappearance in the Emergency department in two 
weeks was also sorted in association with NEWS severity 
category.

Logistic regression was performed to determine whether 
ED NEWS is associated with admission disposition after 
adjusting for variables. 

RESULTS
Patients are seen in the ED between November 2018 and 
April 2019 (either discharged from the ED or admitted 
towards or Critical Care) were 10138 in total. A random 
sample of 1000 patients was extracted using Simple 
random sampling technique. Out of these, 504(50.4%) 
patients were discharged from ED and 496 (49.6%) 
patients were admitted.

According to gender distribution, there were 510(51.0%) 
males and 490(49.0) females. Patients were also catego-
rized according to their age groups including young 
(18-40), Middle-aged (41-60), Old (61-80) and very old 
(80 and above) respectively. Most of the patients belong 
to middle-aged (326, 32.6%) and old age groups (329, 
32.9%). (Table 1)

Priority Level recorded according to ESI, which is our 
current triage tool. Priority was recorded ranging from p1 
to p5, where P1 represents the sickest and P5 indicates the 
most stable patient. Most of the patients fall in the catego-
ry of P3 597(57.9%) followed by P2 358(35.8%) and P4 
49(4.9%). Both extremes, P1 9(0.9%) which indicates 

chi-square test which showed a likelihood ratio of 
59.6(p=0.01). More patients admitted in groups with 
moderate 75(66.4%) and high 55 (74.3%) NEWS score.

Patients who expired in ED mostly belong to higher 
NEWS severity categories, Moderate (n-3, 2.70%) and 
Severe (n-3, 4.10%) respectively. Similarly, with regards 
to in-hospital mortality, high NEWS score is also associ-
ated with high mortality (mild n-7, 1.9%, moderate n-9, 
8.0% and severe n-9, 12.2%). (Table 5)

There was no association of patients who reappeared in 
the emergency department two weeks after discharge 
with NEWS score severity. An almost similar number of 
patients reappeared in NEWS score Zero (5.8%) and 
Severe (4.1%). (Table 6)

DISCUSSION
The NEWS and NEWS2 are early warning score systems 
which are based on bedside physiological parameters to 
identify patients at risk of adverse event and prompt a 
quick response accordingly. Currently an overhead 
announcement to activate a Rapid Response Team (RRT) 
is made in our hospital indoors whenever attending nurse 
finds already defined alarming physiological parameters 
as per NEWS criteria. In emergency department however 
Emergency Severity Index is used to triage patients on 

arrival. We had Incorporated NEWS in our Nursing triage 
form initially in 2014 to start documenting and to make 
our nursing staff familiarize with the NEWS score. Before 
starting one hour and two-hour NEWS scoring we want to 
assess NEWS score performance in Emergency depart-
ment. The purpose of our study was to identify any 
relationship of NEWS recorded in emergency with mainly 
admission, triage, reappearance and disposition in 
primary analysis and then to establish any association of 
NEWS with Length of stay and Mortality in secondary 
analysis. We were also interested to evaluate that weather 
NEWS can be used as a triage tool in the ED In our 
settings? (10)

Our study establishes a direct association of the high 
NEWS score with admission to the hospital. More 
patients were discharged in NEWS category Zero, while 
on the other hand most patients were admitted in NEWS 
severe category.

 A recent study also found that the increase in the NEWS 
score is associated with 33% more chances of hospital 
admission. (11)

We also compared our current triage tool, with the NEWS 
severity category which goes along with ESI in separating 
sick from the stable patients. Most patients fall in the 
category of P3 597(57.9%) followed by P2 358(35.8%) and 

P4 49(4.9%). Both extremes, like P1 9(0.9%) which 
indicates collapsed patients and P5 5(0.5%) being the 
most stable patients, represent very small proportion of 
the total sample. 

The maximum news score was “17” and minimum was 
“0”, with a mean NEWS score of 2.4 (SD= ± 2.91). The 
distribution of patients among different well-established 
NEWS severity categories was also recorded. A large 
study has already proved that The NEWS together with 
the structured hospital triage system, effectively serves to 
predict early mortality and detect high-risk patients. (12)

ED NEWS was also evaluated regarding its impact on 
admission to critical area versus ward, using Pearson’s 
chi-square test which showed a likelihood ratio of 
59.6(p=0.01). Patients who expired in ED mostly belong 
to NEWS severity category of Moderate (n-3, 2.70%) and 
Severe (n-3, 4.10%) respectively.  

 In another validation study, a maximum NEWS of 5 was 
associated with an increased risk of death (OR 5.4), ICU 
admission (OR 10.9), and HDU admission (OR 3.3). (11) 

Despite our limitations, we believe our study serves its 
basic purpose, which was to understand NEWS associa-
tion with outcomes like disposition, mortality, and length 
of stay in our study population. This enabled us to famil-
iarize our residents and staff with the recording and later 
analyzing early warning scores. As it is a single-center 
trial thus its results are not generalizable.

CONCLUSIONS
Our results support previously published data on the ED 
NEWS score association with clinically relevant events.  
There is convincing evidence that ED NEWS is associated 
with higher odds of admission, admission to ICU, 
increased length of stay and mortality.

Further studies are needed to explore NEWS perfor-
mance in our settings using hourly NEWS scoring and 
defining NEWS alerts in the Emergency department. 
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collapsed patients and P5 5(0.5%) being the most stable 
patients, represent a very small proportion of the total 
sample. Patients who were brought in dead and their 
NEWS scoring was not possible were not included in the 
study. 

The distribution of Comorbid conditions in different ED 
NEWS categories of patients sample included in the study 
is also reported. There have been a small number of 
patients who had no comorbid conditions 123(12.3%), yet 
diabetes 262(26.2%) and hypertension 319 (31.9 %) have 
been among the most common comorbidities. Renal 
disease 115 (11.5%) and Heart disease 100 (10.0%) have 

been the other important comorbid conditions. All those 
conditions which were rare presentations are reported 
under the heading of “others” 333(33.3%). (Table 2)

The maximum news score was “17” and minimum was 
(O), with a mean NEWS score of 2.4 (SD= ± 2.91). The 
distribution of patients among different well-established 
NEWS severity categories was also recorded. The NEWS 
severity categories included, zero 347(34.7%), mild 
466(46.6), moderate 113(11.3%) and severe74 (7.4%) 
respectively. (Table 3)

Patient triage priority level categories as per Emergency 
Severity Index (ESI- triage tool) mean 2.68 (SD ± 0.6) 
were compared with different NEWS severity categories 
mean 0.96(SD ±0.86), using Pearson Correlation, which 
is significant (p=0.01 two-tailed). Most of the P1 and P2 
patients fall in either the category of moderate (5-7) or 
severe (>7) NEWS score. (Table 4)

ED NEWS was also evaluated regarding its impact on 
admission to critical area versus ward, using Pearson’s 

INTRODUCTION
Physiological parameters, such as pulse, 
blood pressure, temperature, saturation, 
respiratory rate, and sensorium provide 
vital information about acutely ill patients 
presenting to emergency. (1) Serious adverse 
events (SAEs) and mortality may be 
prevented if these changes in the patient's 
vital parameters are recognized early and 
responded promptly. (2) Initially the Early 
Warning Scores were derived from expert 
opinion or mere observations and allocated 
scores to them without any validation. 
Therefore, several modifications of EWS 
have been proposed with better predictive 
accuracy. The Modified Early Warning 
Score (MEWS) is one of the most famous 

modification which was first reported and 
validated. (3)

In 2012, Members of the Royal College of 
Physicians National Early Warning Score 
Design and Implementation Group (NEWS-
DIG) made adjustments to this system, 
based on clinical opinion, to develop the 
NEWS. (4) Although the validity of The 
NEWS score has been widely tested across 
the world, but mostly in developed coun-
tries, (5) thus its implementation in our 
settings require proper validation.

The availability of limited resources and 
critical care beds remains a problem in 
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dent. Although the 24/7 representation of the senior 
radiological staff in most of the tertiary care centers 
makes errors negligible still one can expect this to 
happen. Data science can prove beneficial in this by 
providing image recognition through the data set images 
that are in place in most of the radiology software like 
PACS. In low resource settings, it may be difficult to find 
such modalities but the deployment of software that 
utilizes data science may prove beneficial in improving 
and getting timely decisions for patient care. 

In conclusion, data science has many dimensions which 
clinical researcher from the developing world can utilize 
and improve their patient care. Developing countries 
should strive to develop their data scientist workforce. 
This must be capable of both creating data science meth-
odology and applying these approaches to emergency 
care settings. The clinical scientists should be involved in 
creating data, choosing outcomes to predict and finally 
developing rigorous testing algorithms in order to 
confirm that its principles remain anchored to the reali-
ties of clinical care in LMICs. The young investigators in 
LMICs should consider for applying for training or capac-
ity building grants in data science from either National 
Institute of Health (NIH) or Common Wealth to opera-
tionalize in a constructive way and develop ongoing facul-
ty development programs and fellowship training. The 
promise of big data is a reality and efforts are needed both 
at the policy level and research field to amalgamate its 

blessings in the emergency care canvas of the developing 
world.
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Dear Sir,

Data science has received much boost and 
appreciation in the past few years. It is in 
discussion in the healthcare industry both in 
the developed and developing nation’s land-
scape. (1) Data science is defined as a concept 
to unify statistics, data analysis, machine 
learning, artificial intelligence, and their 
related methods in order to understand and 
analyze actual facts with the data. (2) It has 
got the potential of making better decisions 
in healthcare, starting from personalized 
treatments, acute and preventive care. (3) In 
the current essay, we aim to explore the 
areas where data science can be helpful to 
improve emergency care and its systems in 
low middle-income countries.

Data science can have a major impact on 
healthcare, and emergency medicine can be 
a major beneficiary in low resource settings. 
The areas where data science or its compo-
nents can be utilized are; disaster prepared-
ness, acute care algorithms, resuscitation, 
triaging, patient throughput, radiological 
image interpretation, etc. The utility of 
machine learning can play a pivotal role in 
disaster preparedness in settings that have 
an unstructured health care system. Setting 
up a unit that is governed by city adminis-
tration can effectively manage the allocation 
of resources and intimating hospitals in 
disasters. The machine learning algorithms 
can be developed after seeing in the previ-
ous disaster occurrences and emergency 
departments’ data of the city. Acute presen-
tations form a major burden of patients 
visiting the ED of low resource settings. In 
times of such burden, errors are a possibility 
that can be reduced by the utilization of 
artificial intelligence and machine learning 
algorithms during resuscitation. Consider-
ing an example of Advanced Cardiovascular 
Life Support (ACLS) was based on data, a 
predicted model can be developed which 
incorporates patient demographics and 
presentation details with shockable or 
non-shockable rhythms. Deployment of 
such algorithms based on the predictive 

modeling on the data gathered might 
improve the care and resuscitation in times 
of increased patient load where cognitive 
errors are deemed to happen. Emergency 
departments are a pivotal interface between 
the healthcare systems and communities 
that come under its umbrella. Triage is an 
area where risk stratification through vitals 
and a brief history might prove very effec-
tive in providing patient care. This system 
might collapse in situations where a disaster 
occurs and countries where there is a fragile 
healthcare system this may prove deleteri-
ous. Places, where there are only a few 
tertiary care centers, triaging process, may 
collapse where ED decisions have far-reach-
ing consequences for patient morbidity and 
mortality and healthcare costs. Data science 
augmented with machine learning have an 
added advantage to clinician cognition in 
the ED. Exploration of the data surrounding 
these encounters is an opportunity to classi-
fy acute diseases with precision together 
with better healthcare utilization and finally 
improving public health. The emergency 
departments are unique as the patient 
presentations are poorly classified using 
common taxonomies for the disease classifi-
cations. The most widely used ICD-10 code 
may not exist in actual clinical practice that 
creates problems for data capture. To over-
come this, syndromic taxonomies was intro-
duced by the Center for Disease Control 
(CDC).(4) The utilization of these syndromic 
taxonomies compared to the widely used 
ICD-10 coding can open a new Pandora for 
the effectiveness of disease based care 
compared to the syndromic taxonomy based 
care in the ED through the deployment of 
data science methodologies. This would 
help to better understand the diagnostic 
decisions taken at the provider level and 
facilitate in the interpretation of the accura-
cy of relatively nonspecific criteria that can 
be tied to performance metrics that may 
trigger with inappropriate care.(5) Radiologi-
cal image interpretation is a skill that an 
astute emergency physician must be confi-

Ventricular fibrillation and ventricular tachycardia 
(VF/VT), known as shockable (SH) rhythms, is the main 
cause of sudden cardiac arrests (SCA). The performance 
of the shock advice algorithm (SAA) applied in the auto-
mated external defibrillator (AED) has been improved by 
using machine learning technique and variously conven-
tional features by using a novel algorithm with relatively 
high performance for the SCA detection on electrocardio-
gram (ECG) signal. (2) Heart Hero, which was created with 
a simple mission to save more lives from SCA, has devel-
oped a revolutionary personal AED device to make 
lifesaving technology available to the consumer market. 
“Elliot,” the purse-sized device weighs just over one 
pound, operates using store-bought batteries, includes 
step by step instructions and visual prompts, features 
artificial intelligence, and a partner smartphone app. (3)

Another algorithm, CheXNet, claimed as the biggest chest 
x-ray data set, when was compared with academic radiol-
ogists exceeds the performance.  (4)  It uses a heat map for 
localizing the areas of the image most indicative of pneu-
monia.

Out of hospital cardiac arrest (OHCA), ML framework 
which works in the background of incoming calls to the 
dispatchers showed higher sensitivity and specificity to 
emergency dispatchers. It was built with a goal of getting 
the text classified for communications around OHCA. The 
algorithm involves data mining of predictions for the ACS 
related deaths. ML based risk score to predict early 
mortality following ST segment elevation myocardial 
infarction has been developed using a statistical 
approach. On this ML algorithm using available variables, 
AUC (area under the curve) has been cited from 0.64 to 
0.91. This model has performed equally well to Global 
Registry of Acute Coronary Events (GRACE) and has 
exceeded Thrombolysis in Myocardial Infarction (TIMI) 
score. (5)

ML outperformed the Trauma and Injury Severity Score 
(TRISS) studies revealed ML applications have been 
utilized for life saving methods in trauma and data 
mining processes to identify tweets about influenza hence 
increased use of data mining and geographical informa-
tion systems to help detect maximum numbers of influen-
za cases. (6)

AI could be useful for developing risk stratification tools 
to triage patients. Subjective assessments at triage have 
shown limited ability to risk stratify sick patients. E-triage 
systems evaluation based on ML showed beneficial 
results that predict outcomes from serious illnesses hence 
will enable EM physicians and staff for better patient 
differentiation. (7)

Limitations for AI bears some ethical and legal implica-
tions. In a NEJM op-ed, it was stated, "Remaining 

ignorant about the construction of machine-learning 
systems or allowing them to be constructed as black 
boxes could lead to ethically problematic outcomes." (8)

Although deep learning involves in depth algorithmic 
data processing with relatively less human reasoning, 
careful approach for its utilization has to be taken into 
account. The accuracy in AI algorithmic predictions is 
persuasive to be considered for its usage in the emergency 
departments for solving key issues. However the reported 
limitations can shadow clinical decision making accuracy. 
Therefore intensive data interpretation involving close to 
live decision making scenarios is required before full 
adoption of the AI in the emergency department. 
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Dear Sir, 

The advent of big data set and Artificial 
Intelligence algorithms in health care 
settings have generated huge excitement 
suggesting improvement in diagnostic 
methods and treatment modalities. Artifi-
cial Intelligence (AI), Deep learning (DL) 
and Machine Learning (ML) has been 
coined as the cognitive revolution and now 
increasingly being used in healthcare insti-
tutions. Machine Learning algorithms 
invariably require structured data, whereas 
Deep Learning networks rely on layers of 
the artificial neural networks. Machine 
learning algorithms are built to “learn” to do 
things by understanding labeled data, then 
process it to yield further outputs with more 
sets of data.(1) 

AI can be applied in most areas of the emer-
gency department. Its application in emer-
gency medicine (EM) provides algorithms 
for predictive modeling, patient monitoring 
and department operations in the emergen-
cy room. These methods involve classifica-
tion and clustering algorithms, natural 
language processing, text mining, image 
understanding, computer vision, and robot-
ics. (1)

Technology and problem-driven collabora-
tions between computer sciences and medi-
cal sciences can be the focal points of AI in 
emergency medicine. In this era, there is a 
lot of conversation about innovations to 
develop novel solutions in particular of 
developing world settings, AI is likely to 
benefit EM through its digitization power 
and information storage. Current AI appli-
cations are meant to work across clinical 
domains and have potential to augment 
patient care with efficient and high-quality 
health care delivery. 

AI is computer systems development based 
to perform tasks requiring human intelli-
gence. AI algorithms so far proven benefit in 
time sensitive conditions such as the early 
warning systems for cardiac instability, 
sepsis, rapid triage screening, real time 

ultrasound analysis, higher accuracy in 
detecting abdominal free fluid, wrist‐worn 
accelerometers to detect seizures and smart 
carpets to determine fall, public health 
surveillance, suicide risk identifications, 
detection of pneumonia, 3D segmentation 
of subdural hematoma, risk assessment of 
cerebral aneurysm rupture and stroke 
evaluation.(1)

The role of AI in our era has been stated by 
Dr. Thrun: (1)

"Did the phone replace the human voice? 
No, the phone is an augmentation device. 
The cognitive revolution will allow com-
puters to amplify the capacity of the 
human mind in the same manner. Just as 
machines made human muscles a thou-
sand times stronger, machines will make 
the human brain thousand times more 
powerful."

While the literature has suggested utiliza-
tion of multiple AI applications in health 
care such as radiology, it has been barely 
used in the emergency room (ER). We 
believe that with the fast-paced momentum, 
AI in the ER will not only improve patient 
care but will accomplish efficiency. 

Most of the research using AI are doing risk 
prediction, with inputs such as demographic 
data, admin data, lab and vital signs, and 
others such as imaging. However, the disad-
vantage of AI is that the prediction models 
are usually black box, i.e. clinicians cannot 
interpret the model and linkages outlined by 
inputs and outcomes. This hinders the 
real-world implementation of AI models. In 
the future, there might be solutions to over-
come these deficiencies and also to make 
systems more robust through utilizing the 
previous successful outcomes.

From the emergency medicine perspective, 
AI possesses applications, which when 
applied in the right scenario will produce 
awesome results. 

healthcare provision in low-income and middle-income 
countries. (6) Emergency departments are usually over-
crowded, poorly equipped and understaffed, hindering 
the accurate monitoring of physiological parameters 
required for NEWS implementation. Although data is 
limited, studies evaluating NEWS in these settings show 
wide variation in performance. (7) Few studies have 
explored the association between emergency department 
(ED) NEWS with hospital admission and inpatient 
mortality; as higher NEWS is associated with higher 
probability of being admitted to the critical area and 
higher inpatient mortality. (8) These findings suggested 
that NEWS could be used as a tool to identify patients 
requiring admission to the hospital and at an increased 
risk of death.

NEWS score is part of our nursing triage document since 
2014 and is being recorded in each patient by default, but 
patients are mainly prioritized according to Emergency 
Severity Index (ESI) which depends upon understanding 
of nurses and sometimes results in undertriage of over 
triage. (9)

Thus, we have evaluated NEWS performance in our popu-
lation, with respect to its association with triage, admis-
sion, disposition, length of Stay, reappearance, and 
mortality prior to advocating its implementation in our 
settings.

METHODS
The study protocol was reviewed and approved by Shifa 
International Hospital Institutional Review Board. 
Patients are seen in the ED between November 2018 and 
April 2019 (either discharged from the ED or admitted 
towards or Critical Care units) were 10138 in total. A 
random sample of 1000 patients was extracted using 
Simple random sampling technique including every 10th 
encounter in emergency department. 

On a daily basis, Variables of interest were collected on a 
data collection Performa. These Variables included demo-
graphics (age, gender), date and time of clinical events 
(ED admission time, length of stay in ED), ED NEWS and 
Priority level as per ESI triage system, reappearance in 
ED in two weeks and ED Mortality. In addition, outcomes 
of interest including admission to a critical area, length of 
hospital stay and in-hospital mortality were extracted.

The analysis was performed using SPSS version 23.

The number and percentages of patients demographics 
(age and Gender) were reported. Also, patients who were 
either discharged or admitted to the hospital from emer-
gency department were also documented. 

Distribution of Comorbid conditions in different ED 
NEWS categories of patients sample included in the study 

is also reported in frequency and percentages.

The NEWS was recorded as continuous data and then the 
distribution of patients in different well-established 
severity categories of NEWS (zero, mild, moderate and 
severe) was sorted respectively. 

 Priority Level according to ESI, which is our current 
triage tool were also recorded ranging from p1 to p5, and 
its comparison was done with NEWS score.  

Disposition of patients from ED to the critical area (like 
ICU, CCU, stroke unit, HDU) or ward was compared in 
different NEWS categories using Pearson’s chi-square. 

Then the determination of the association of the NEWS 
with inpatient mortality in ED was done using Pearson’s 
chi-square test analysis. To determine the association of 
the NEWS with inpatient mortality, the aforementioned 
analysis was repeated.

The association between length of hospital stay in days 
and NEWS severity category was determined using Pear-
son’s chi-square test and Spearman’s correlation coeffi-
cients.

Reappearance in the Emergency department in two 
weeks was also sorted in association with NEWS severity 
category.

Logistic regression was performed to determine whether 
ED NEWS is associated with admission disposition after 
adjusting for variables. 

RESULTS
Patients are seen in the ED between November 2018 and 
April 2019 (either discharged from the ED or admitted 
towards or Critical Care) were 10138 in total. A random 
sample of 1000 patients was extracted using Simple 
random sampling technique. Out of these, 504(50.4%) 
patients were discharged from ED and 496 (49.6%) 
patients were admitted.

According to gender distribution, there were 510(51.0%) 
males and 490(49.0) females. Patients were also catego-
rized according to their age groups including young 
(18-40), Middle-aged (41-60), Old (61-80) and very old 
(80 and above) respectively. Most of the patients belong 
to middle-aged (326, 32.6%) and old age groups (329, 
32.9%). (Table 1)

Priority Level recorded according to ESI, which is our 
current triage tool. Priority was recorded ranging from p1 
to p5, where P1 represents the sickest and P5 indicates the 
most stable patient. Most of the patients fall in the catego-
ry of P3 597(57.9%) followed by P2 358(35.8%) and P4 
49(4.9%). Both extremes, P1 9(0.9%) which indicates 

chi-square test which showed a likelihood ratio of 
59.6(p=0.01). More patients admitted in groups with 
moderate 75(66.4%) and high 55 (74.3%) NEWS score.

Patients who expired in ED mostly belong to higher 
NEWS severity categories, Moderate (n-3, 2.70%) and 
Severe (n-3, 4.10%) respectively. Similarly, with regards 
to in-hospital mortality, high NEWS score is also associ-
ated with high mortality (mild n-7, 1.9%, moderate n-9, 
8.0% and severe n-9, 12.2%). (Table 5)

There was no association of patients who reappeared in 
the emergency department two weeks after discharge 
with NEWS score severity. An almost similar number of 
patients reappeared in NEWS score Zero (5.8%) and 
Severe (4.1%). (Table 6)

DISCUSSION
The NEWS and NEWS2 are early warning score systems 
which are based on bedside physiological parameters to 
identify patients at risk of adverse event and prompt a 
quick response accordingly. Currently an overhead 
announcement to activate a Rapid Response Team (RRT) 
is made in our hospital indoors whenever attending nurse 
finds already defined alarming physiological parameters 
as per NEWS criteria. In emergency department however 
Emergency Severity Index is used to triage patients on 

arrival. We had Incorporated NEWS in our Nursing triage 
form initially in 2014 to start documenting and to make 
our nursing staff familiarize with the NEWS score. Before 
starting one hour and two-hour NEWS scoring we want to 
assess NEWS score performance in Emergency depart-
ment. The purpose of our study was to identify any 
relationship of NEWS recorded in emergency with mainly 
admission, triage, reappearance and disposition in 
primary analysis and then to establish any association of 
NEWS with Length of stay and Mortality in secondary 
analysis. We were also interested to evaluate that weather 
NEWS can be used as a triage tool in the ED In our 
settings? (10)

Our study establishes a direct association of the high 
NEWS score with admission to the hospital. More 
patients were discharged in NEWS category Zero, while 
on the other hand most patients were admitted in NEWS 
severe category.

 A recent study also found that the increase in the NEWS 
score is associated with 33% more chances of hospital 
admission. (11)

We also compared our current triage tool, with the NEWS 
severity category which goes along with ESI in separating 
sick from the stable patients. Most patients fall in the 
category of P3 597(57.9%) followed by P2 358(35.8%) and 

P4 49(4.9%). Both extremes, like P1 9(0.9%) which 
indicates collapsed patients and P5 5(0.5%) being the 
most stable patients, represent very small proportion of 
the total sample. 

The maximum news score was “17” and minimum was 
“0”, with a mean NEWS score of 2.4 (SD= ± 2.91). The 
distribution of patients among different well-established 
NEWS severity categories was also recorded. A large 
study has already proved that The NEWS together with 
the structured hospital triage system, effectively serves to 
predict early mortality and detect high-risk patients. (12)

ED NEWS was also evaluated regarding its impact on 
admission to critical area versus ward, using Pearson’s 
chi-square test which showed a likelihood ratio of 
59.6(p=0.01). Patients who expired in ED mostly belong 
to NEWS severity category of Moderate (n-3, 2.70%) and 
Severe (n-3, 4.10%) respectively.  

 In another validation study, a maximum NEWS of 5 was 
associated with an increased risk of death (OR 5.4), ICU 
admission (OR 10.9), and HDU admission (OR 3.3). (11) 

Despite our limitations, we believe our study serves its 
basic purpose, which was to understand NEWS associa-
tion with outcomes like disposition, mortality, and length 
of stay in our study population. This enabled us to famil-
iarize our residents and staff with the recording and later 
analyzing early warning scores. As it is a single-center 
trial thus its results are not generalizable.

CONCLUSIONS
Our results support previously published data on the ED 
NEWS score association with clinically relevant events.  
There is convincing evidence that ED NEWS is associated 
with higher odds of admission, admission to ICU, 
increased length of stay and mortality.

Further studies are needed to explore NEWS perfor-
mance in our settings using hourly NEWS scoring and 
defining NEWS alerts in the Emergency department. 
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collapsed patients and P5 5(0.5%) being the most stable 
patients, represent a very small proportion of the total 
sample. Patients who were brought in dead and their 
NEWS scoring was not possible were not included in the 
study. 

The distribution of Comorbid conditions in different ED 
NEWS categories of patients sample included in the study 
is also reported. There have been a small number of 
patients who had no comorbid conditions 123(12.3%), yet 
diabetes 262(26.2%) and hypertension 319 (31.9 %) have 
been among the most common comorbidities. Renal 
disease 115 (11.5%) and Heart disease 100 (10.0%) have 

been the other important comorbid conditions. All those 
conditions which were rare presentations are reported 
under the heading of “others” 333(33.3%). (Table 2)

The maximum news score was “17” and minimum was 
(O), with a mean NEWS score of 2.4 (SD= ± 2.91). The 
distribution of patients among different well-established 
NEWS severity categories was also recorded. The NEWS 
severity categories included, zero 347(34.7%), mild 
466(46.6), moderate 113(11.3%) and severe74 (7.4%) 
respectively. (Table 3)

Patient triage priority level categories as per Emergency 
Severity Index (ESI- triage tool) mean 2.68 (SD ± 0.6) 
were compared with different NEWS severity categories 
mean 0.96(SD ±0.86), using Pearson Correlation, which 
is significant (p=0.01 two-tailed). Most of the P1 and P2 
patients fall in either the category of moderate (5-7) or 
severe (>7) NEWS score. (Table 4)

ED NEWS was also evaluated regarding its impact on 
admission to critical area versus ward, using Pearson’s 

INTRODUCTION
Physiological parameters, such as pulse, 
blood pressure, temperature, saturation, 
respiratory rate, and sensorium provide 
vital information about acutely ill patients 
presenting to emergency. (1) Serious adverse 
events (SAEs) and mortality may be 
prevented if these changes in the patient's 
vital parameters are recognized early and 
responded promptly. (2) Initially the Early 
Warning Scores were derived from expert 
opinion or mere observations and allocated 
scores to them without any validation. 
Therefore, several modifications of EWS 
have been proposed with better predictive 
accuracy. The Modified Early Warning 
Score (MEWS) is one of the most famous 

modification which was first reported and 
validated. (3)

In 2012, Members of the Royal College of 
Physicians National Early Warning Score 
Design and Implementation Group (NEWS-
DIG) made adjustments to this system, 
based on clinical opinion, to develop the 
NEWS. (4) Although the validity of The 
NEWS score has been widely tested across 
the world, but mostly in developed coun-
tries, (5) thus its implementation in our 
settings require proper validation.

The availability of limited resources and 
critical care beds remains a problem in 


