
CHAPTER 9

CLINICAL SCORING SYSTEMS AND DECISION SUPPORT
TOOLS IN SEPSIS MONITORING

Berna Demir,1 Recep Civan Yüksel2

9.1.Introduction

In spite of notable medical advancements, sepsis continues to pose diagnostic 
and therapeutic difficulties on a global scale. Its high mortality and morbidity rates 
underscore the critical importance of early diagnosis and appropriate therapeutic 
strategies. Considering the large number of people affected worldwide, sepsis 
causes a significant increase in costs for healthcare systems. The nonspecificity 
of clinical findings and the potential for involvement of multiple organ systems 
make diagnosis particularly challenging for clinicians. Consequently, clinical 
scoring systems, decision support tools, and, more recently, artificial intelligence 
applications increasingly utilized in medicine, have become essential tools in the 
detection, evaluation, and prognostic estimation of sepsis.

9.2.Historical Background of the Definition of Sepsis

The word “sepsis” originates from the Greek term meaning “decay” or 
“putrefaction” and was first used about 2,700 years ago in the poems of Homer. In 
the following centuries, the term was also employed in the works of Hippocrates 
and Galen.1 Hugo Schottmüller gave the first contemporary definition of sepsis in 
1914, stating: "Sepsis is present if a focus has developed from which pathogenic 
bacteria continuously or periodically enter the bloodstream, leading to subjective 
and objective symptoms."2 For many years, sepsis was described as the presence 
of bacteria or their toxins in the bloodstream; however, this definition failed to 
capture the complexity of a multisystem clinical condition.

In order to establish a unified paradigm for the systemic inflammatory response 
to infection, the American College of Chest Physicians (ACCP) and the Society 
of Critical Care Medicine (SCCM) convened a Consensus Conference in 1991.3 
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In the 1992 report of the ACCP/SCCM Consensus Conference, Roger C. Bone 
and colleagues introduced the definition of the systemic inflammatory response 
syndrome (SIRS). 3

9.3. SIRS (Systemic Inflammatory Response Syndrome) Criteria

•	 Body temperature above 38°C or below 36°C
•	 Heart rate exceeding 90 beats per minute
•	 Respiratory rate over 20 breaths per minute or an arterial PaCO₂ level 

below 32 mmHg, reflecting hyperventilation
•	 White blood cell count higher than 12,000/μL or lower than 4,000/μL

When more than one of these abnormalities was present, the patient was 
considered to have SIRS. If at least two SIRS criteria occurred together with 
suspected or documented infection, the condition was labelled sepsis. In practice, 
however, this construct did not reliably separate a proportionate physiological 
response to infection from truly dysregulated inflammation, nor did it distinguish 
infectious from non-infectious inflammatory states such as trauma, pancreatitis, 
burns, surgery, or transfusion reactions. Because the SIRS framework focused 
exclusively on inflammatory variables and ignored organ dysfunction, it rapidly 
came under criticism as an imprecise way of defining sepsis. Moreover, SIRS 
criteria only measure the inflammatory response and provide no information 
regarding organ dysfunction.4

The 2001 International Sepsis Definitions Conference, supported by SCCM 
(The Society of Critical Care Medicine), ESICM (the European Society of Intensive 
Care Medicine), ACCP (the American College of Chest Physicians), ATS (the 
American Thoracic Society), and SIS (the Surgical Infection Society), revisited 
the existing terminology. Its remit was to appraise the strengths and weaknesses 
of current definitions, suggest refinements, and propose methods that might 
improve diagnostic accuracy and clinical usefulness. In response to the recognised 
limitations of SIRS alone, the panel broadened the diagnostic framework by 
incorporating additional clinical and laboratory variables such as hemodynamic 
instability, hypoxemia, oliguria, coagulation abnormalities, and liver dysfunction. 
Nevertheless, sepsis continued to be framed as infection plus SIRS.4

To address the poor specificity and inconsistent epidemiologic reporting 
associated with earlier concepts, a joint task force of SCCM and ESICM proposed 
the now widely adopted Sepsis-3 definition: sepsis as life-threatening organ 
dysfunction caused by a dysregulated host response to infection. Even modest 
organ impairment at the time infection is first suspected carries an in-hospital 
mortality approaching 10%, underscoring that sepsis is essentially the most 
lethal expression of infection when not recognised and treated promptly. In this 
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framework, organ dysfunction is operationalised as an increase in the Sequential 
Organ Failure Assessment (SOFA) score of two points or more.4

An increase of two or more points in the Sequential Organ Failure Assessment 
(SOFA) score indicates organ dysfunction as defined by the Sepsis-3 criteria.

Table 1. Sequential (Sepsis-Related) Organ Failure Assessment Score (SOFA)

System Score

  0 1 2 3 4

Brain 
Glasgow Coma Scale 
score†

15 13–14 10–12 6–9 <6

Respiratory 
PaO₂/FiO₂ (mm Hg) ≥400 (53.3) <400 (53.3) <300 (40)

<200 (26.7) 
with respiratory 

support

<100 (13.3) 
with respiratory 

support

Cardiovascular MAP ≥70 
mm Hg

MAP <70 
mm Hg

Dopamine 
≤5 or 

dobutamine 
(any dose)*

Dopamine >5 
or epinephrine 

≤0.1 or 
norepinephrine 

≤0.1*

Dopamine >15 
or epinephrine 

>0.1 or 
norepinephrine 

>0.1*

Liver 
Bilirubin, mg/dL 
(µmol/L)

<1.2 (<20) 1.2–1.9 
(20–32)

2.0–5.9 
(33–101)

6.0–11.9 
(102–204) >12.0 (>204)

Renal 
Creatinine, mg/dL 
(µmol/L) or 
Urine output, mL/d

<1.2 (<110) 1.2–1.9 
(110–170)

2.0–3.4 
(171–299)

3.5–4.9 
(300–440) or 

UOP<500 mL/
day

>5.0 (>440) or 
UOP<200 mL/

day

Hemostasis 
Platelets, ×10³/µL ≥150 <150 <100 <50 <20

Table 1 presents the SOFA criteria used to grade the severity of organ dysfunction in sepsis. 5
* Catecholamine infusion rates are reported as micrograms per kilogram per minute (μg/kg/min) and are 
maintained for a minimum of one hour.
† The Glasgow Coma Scale (GCS) ranges between 3 and 15, where a higher score reflects better neuro-
logical status.

Abbreviation
s: FiO₂, fraction of inspired oxygen; MAP, mean arterial pressure; PaO₂, partial pressure of oxygen

In the new definition, the term “severe sepsis” was removed and replaced 
with “septic shock.” Patients with septic shock can be clinically recognized by the 
need for vasopressors to maintain a mean arterial pressure of 65 mmHg or higher 
and a serum lactate level greater than 2 mmol/L (>18 mg/dL) in the absence of 
hypovolemia.5

SOFA was originally developed as a research tool to describe and quantify 
organ failure in critically ill patients rather than to steer moment-to-moment 
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treatment decisions. It correlates well with mortality and is widely used in ICU 
outcome studies, but its reliance on laboratory measurements limits its utility in 
emergency departments and resource-constrained settings. Furthermore, because 
SOFA captures established organ dysfunction, it may lack sensitivity for the very 
early phases of sepsis.

Outside the ICU, the task force identified a parsimonious three-item bedside 
score—respiratory rate ≥22/min, systolic blood pressure ≤100 mmHg, and altered 
mental status—that showed predictive validity comparable to full SOFA for 
adverse outcomes. This index, termed quick SOFA (qSOFA), was not intended as 
a diagnostic definition of sepsis but as a simple prompt to consider sepsis and to 
escalate care when the score is ≥2.5

According to the 2016 definition, qSOFA can be a helpful clinical tool to 
rapidly identify infected patients at risk of poor outcomes, especially for doctors 
and other practitioners working outside of the intensive care unit—and even in 
pre-hospital settings, given that it is based solely on clinical examination findings. 
This basic bedside score may be especially useful in resource-constrained contexts 
when laboratory data are scarce and the literature on sepsis epidemiology is sparse. 5

9.4.Clinical Scoring Systems Used in the Monitoring of Sepsis

In the pursuit of more accurate definitions and reliable screening tools, several 
clinical scoring systems have been employed, including the Systemic Inflammatory 
Response Syndrome (SIRS), the Sequential Organ Failure Assessment (SOFA), 
and the quick SOFA (qSOFA).

The SIRS criteria have been questioned for their poor specificity in identifying 
sepsis and their frequent positivity in a variety of conditions, making it unsuitable 
as an ideal screening tool. qSOFA, on the other hand, has been used not as a 
screening tool for sepsis itself, but rather for predicting adverse outcomes. It is 
important to emphasize that when applying these scoring systems, clinicians must 
remain aware of both their limitations and their strengths.

Although only 24% of infected patients had a qSOFA score of 2 or 3, the 
authors discovered that 70% of bad outcomes were associated with this subgroup. 
5 The European Society of Intensive Care Medicine (ESICM) and the Society 
of Critical Care Medicine (SCCM) have approved the SOFA score as a measure 
for identifying patients who are at risk of dying from sepsis. Nevertheless, it is 
not intended for the diagnosis of sepsis, does not predict treatment response 
or outcomes, and does not identify the underlying cause of organ dysfunction. 
Rather, it serves to recognize a subset of patients who are at increased risk of 
infection-related mortality. Clinicians should therefore exercise caution in its 
application.
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Although they are not specific to sepsis, the APACHE (Acute Physiology 
and Chronic Health Evaluation) and SAPS (Simplified Acute Physiology Score) 
scoring systems are used to forecast outcomes in critically unwell patients. They 
can be used to calculate hospital stay duration and death in sepsis patients in 
intensive care units.6

The Mortality in Emergency Department Sepsis (MEDS) score is a bedside 
prognostic tool designed to stratify mortality risk among septic patients at the 
time of ED evaluation. 7 It combines simple variables that are usually available on 
presentation, making it feasible in routine practice. Multiple validation studies 
have shown that MEDS provides a reasonably accurate estimate of short-term 
mortality in patients with suspected sepsis in the emergency setting.7,8,9

In the MEDS scoring system, each clinical and laboratory parameter 
contributes to the total score based on its prognostic weight. Terminal illness 
carries the highest value, contributing 6 points, whereas respiratory difficulty, 
septic shock, thrombocytopenia below 150×10⁹/L, and the presence of more 
than 5% band cells each contribute 3 points. Additional risk factors—including 
age over 65 years, lower respiratory tract infection, nursing home residency, and 
altered mental status—are assigned 2 points each. These components together 
yield a maximum possible score of 27, reflecting the cumulative severity of the 
patient’s presentation.7

As the total MEDS score increases, the predicted mortality risk rises in a 
stepwise fashion. Patients with scores of 4 or below fall into a very low-risk 
category, where mortality is approximately 1.1%. Those scoring 5–7 demonstrate 
low risk with a mortality rate of 4.4%, while scores between 8 and 12 indicate a 
moderate risk associated with a 9.3% mortality rate. The high-risk group, defined 
by scores of 13–15, shows mortality levels of 16.1%. In contrast, patients with 
scores greater than 15 represent the very high-risk category, with mortality reaching 
39%, underscoring the score’s discriminatory ability across the full spectrum of 
clinical severity.7

9.5.Early Warning Systems and Artificial Intelligence in the Monitoring 
of Sepsis

Following the sepsis definitions of 1992, 2003, and 2006, the 2021 Surviving 
Sepsis Campaign, which aimed to guide clinicians caring for septic patients, 
recommended the use of performance improvement programs for early diagnosis 
and screening. 10 Sepsis is a syndrome with diverse clinical presentations due to 
its pathophysiology, in which early recognition has resulted in better survival 
outcomes. Screening tools for sepsis can be applied in the emergency department, 
inpatient wards, and intensive care units—either manually or integrated into 
electronic health records—to facilitate early diagnosis and thereby reduce 
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mortality and morbidity. Commonly used screening tools for sepsis include SIRS 
(Systemic Inflammatory Response Syndrome), SOFA (Sequential Organ Failure 
Assessment), qSOFA (quick SOFA), NEWS (National Early Warning Score), 
and MEWS (Modified Early Warning Score). In recent years, the integration of 
artificial intelligence and machine learning into these systems has been increasingly 
employed to enhance the early prediction of sepsis.

The Modified Early Warning Score (MEWS), introduced in the United 
Kingdom in 1997, is one of the earliest track-and-trigger systems designed to 
flag patients at risk of acute deterioration on hospital wards and in the emergency 
department. MEWS relies exclusively on routinely measured vital signs and level 
of consciousness, which allows rapid calculation without laboratory data. The 
cumulative score ranges from 0 to 14, and values of 5 or more typically prompt 
urgent review because they are associated with a substantially increased risk of 
clinical decline and potential need for higher-level care. However, MEWS is not 
specific for sepsis and can be elevated in many non-infectious conditions.

Table 2. Modified Early Warning Score (MEWS)

Parameter 3 2 1 0 1 2 3

Respiratory rate (bpm)   <8 9 10-18 19-20 21-29 >30

Saturation rate (%) <91 92-93 94-95 >96      

Pulse rate (bpm)   <39 40-50 51-100 101-110 111-129 >130

Systolic blood pressure 
(mmHg) <70 71-80 81-100 101-199   >200  

Temperature (°C)   <35   35.1-
38.4   >38.5  

Consciousness       A V P U

Nurse concern 1 point            

A = Alert, V = Response to verbal stimulation, P = Response to painful stimulation, U = Unresponsive
Table 2 presents the parameters of the MEWS score.11

The National Early Warning Score (NEWS), developed by the Royal College of 
Physicians in 2012, represents an evolution of MEWS and is now standard across 
the National Health Service in the United Kingdom. By integrating respiratory 
rate, oxygen saturation, and supplemental oxygen use, blood pressure, heart rate, 
temperature, and level of consciousness into a single aggregate score (0–20), 
NEWS offers greater sensitivity for detecting acute physiological deterioration. 
A NEWS score of 5 or 6 usually triggers urgent clinical review, whereas scores 
of 7 or more are associated with a high risk of rapid decline and often warrant 
consideration of intensive care. As with MEWS, NEWS is intended to support, 
rather than replace, clinical judgement.
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Each parameter is scored from 0 to 3, with a total score ranging from 0 to 20.
•	 NEWS ≥5: Requires urgent clinical assessment.
•	 NEWS ≥7: Indicates a high likelihood of clinical decline and the 

requirement for intensive care support.
•	 The NEWS score is not sufficient as a stand-alone tool for clinical decision-

making and should be used as a supportive instrument.

Table 3. National Early Warning Score (NEWS)

Parameter 3 2 1 0 1 2 3

Respiratory rate (bpm) ≤8   9–11 12–20   21-24 ≥25

O₂ saturation (%) ≤91 92–93 94–95 ≥96      

Added O₂   Yes   No      

Systolic BP (mmHg) ≤90 91–100 101–110 111–219     ≥220

Heart rate (bpm) ≤40 41–50 51–90 91–110 111–130 ≥131

Level of consciousness       A     V, P, U

Temperature (°C) ≤35.0   35.1–36.0 36.1–38.0 38.1–39.0 ≥39.1  
BP = blood pressure, A = alert, V = responds to verbal stimuli, P = responds to pain only, U = unresponsive 
to stimuli.
Table 3 presents the parameters of the National Early Warning Score (NEWS). 12

Table 4. Comparison of Scoring Systems Used in Sepsis

Scoring System Application Advantages Disadvantages

SIRS (Systemic 
Inflammatory 
Response Syndrome)

Early screening 
of infection + 
inflammation

Simple, easy to apply
Low specificity; can 
be positive in non-
infectious conditions

SOFA (Sequential 
Organ Failure 
Assessment)

Assessment of organ 
dysfunction and 
prognosis (especially 
ICU)

Strong predictor of 
mortality; standardized 
in multicenter studies

Requires laboratory 
tests; difficult to use in 
ED/resource-limited 
settings

qSOFA (quick SOFA) Rapid risk assessment 
outside the ICU

Only 3 clinical 
parameters, quick and 
simple

Low sensitivity; does 
not establish diagnosis, 
only predicts poor 
prognosis

APACHE II (Acute 
Physiology and 
Chronic Health 
Evaluation II)

Mortality prediction in 
intensive care

Strong prognostic 
value; widely used in 
the literature

Complex calculation; 
not sepsis-specific
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MEDS (Mortality 
in Emergency 
Department Sepsis)

Mortality prediction 
in the emergency 
department

Practical parameters; 
good mortality 
prediction

Validated only for 
the ED; may require 
laboratory tests

MEWS (Modified 
Early Warning Score)

Early detection of 
clinical deterioration in 
ED and wards

Based only on vital 
signs, quick, no labs 
required

Not specific to sepsis; 
may be positive in 
other conditions

Traditional early warning scoring systems, such as the Modified Early Warning 
Score (MEWS) and the National Early Warning Score (NEWS), are based on the 
simple aggregation of abnormal vital signs. However, these conventional scores 
reflect the patient’s current risk without accounting for potential risk trajectories.

Recent advances in artificial intelligence (AI) offer an opportunity to overcome 
several limitations of traditional sepsis screening tools.13  By applying machine 
learning (ML) and deep learning methods to large, heterogeneous datasets, AI 
systems can uncover complex, non-linear patterns that are difficult to recognise 
using conventional scores based only on a small set of vital signs and laboratory 
values. 14 AI-driven models for sepsis care have been developed with three 
main aims: to improve early detection, to anticipate disease trajectories, and to 
support individualized treatment decisions. 15 AI has lately become a useful tool 
for sepsis early detection and prediction, analyzing vast patient data sets to find 
early warning indicators and enhance clinical judgment. 16 In electronic health 
record (EHR) data, ML algorithms can continuously update risk estimates as new 
information becomes available, providing clinicians with dynamic rather than 
static assessments of sepsis risk.17

In emergency departments, AI-based tools have shown encouraging 
performance. For example, in a retrospective analysis of ED patients, Kijpaisalratana 
and colleagues compared multiple ML models with commonly used bedside 
scores such as qSOFA, MEWS, and SIRS, and reported that ML approaches 
achieved a markedly higher discriminative ability, with an area under the ROC 
curve of 0.931. 18 Beyond early diagnosis, AI is increasingly explored as a means 
to support precision medicine in sepsis. By integrating genomic, biomarker, and 
high-resolution clinical data, ML models may help to identify biologically distinct 
sub-phenotypes and to match patients with the most appropriate therapeutic 
strategies, thereby maximising efficacy and limiting harm.

Continuous monitoring is another area in which AI can add value. Intelligent 
surveillance systems that combine streaming vital signs with laboratory, 
medication, and device data can generate real-time alerts for impending organ 
failure or septic shock, enabling more timely interventions. Such systems may 
also assist clinicians in forecasting long-term outcomes and in tailoring follow-up 
plans based on predicted risk profiles.
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AI and ML enhance sepsis management by continuously analyzing large 
volumes of electronic health record data, identifying subtle patterns that 
characterize early sepsis, and generating clinically actionable insights. Through 
real-time monitoring of vital signs, laboratory values, medication data, and device 
outputs, AI-based systems can provide early warnings for impending organ failure 
or septic shock, enabling more timely clinical interventions. 19 Furthermore, by 
integrating each patient’s biological and clinical characteristics, AI tools support 
personalized treatment strategies aimed at maximizing therapeutic effectiveness 
while minimizing adverse effects. These advanced models also contribute to 
prognostic assessment by predicting both short-term and long-term outcomes, 
thereby guiding clinicians in treatment planning and follow-up management.

9.6.Conclusion

Sepsis is a worldwide health issue that imposes a substantial economic burden 
while causing high rates of mortality and morbidity. The heterogeneous nature of 
the disease presents significant challenges in diagnosis, screening, and prognostic 
prediction. Clinical scoring systems and decision support tools have become 
essential for screening, diagnosis, and prediction of outcomes. SIRS, SOFA, 
qSOFA, APACHE, MEDS, MEWS, and NEWS remain important instruments 
for clinical decision-making in septic patients, though their respective advantages 
and limitations must always be considered.

At the same time, the integration of artificial intelligence (AI) and machine 
learning (ML) into healthcare systems has opened a new era in sepsis management. 
In the future, these technologies are expected to be more widely applied for the 
early diagnosis and screening of sepsis, prognostic prediction, activation of clinical 
responses, guidance of treatment planning, improved patient outcomes, and the 
development of personalized therapies. Combining validated clinical scoring 
systems with robust, interpretable AI-based tools may ultimately offer the most 
effective strategy for improving early recognition and outcomes in sepsis.
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