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ABSTRACT
Introduction and aim. Sepsis, a disease caused by inflammation as a response to infection, often goes undiagnosed due to 
its heterogeneity and lack of a single diagnostic test. Current sepsis detection scoring systems have low sensitivity and utilize 
biomarkers that are difficult to obtain from a single test. The goal of this research is to create a scoring system that outperforms 
current industry standards by utilizing blood-based biomarkers readily available in hospital settings.
Material and methods. Machine learning algorithms were run through Google Colab using Extreme Gradient Boost classifier. 
The dataset was obtained from NCBI website containing electronic hospital records of intensive care patients. A multivariate 
linear regression was applied to the dataset to determine statistically significant biomarkers in the detection of sepsis, and their 
β coefficients. Then, validation testing was performed, and the performance was compared to other scoring systems.
Results. This experiment reveals that a sepsis detection system that utilizes procalcitonin, white blood cells, C-reactive protein, 
neutrophil to lymphocyte ratio, and albumin can outperform other biomarkers and scoring systems with high sensitivity at a 
recall score of 0.7922.
Conclusion. These results demonstrate the potential of utilizing a blood-based scoring system for sepsis detection within hos-
pital settings.
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Introduction
Sepsis is defined as life-threatening organ dysfunction 
caused by a dysregulated host response to infection.1 It 
may lead to shock, multi-organ failure, and death – espe-
cially if not recognized early and treated promptly.2,3 Sep-
sis is a Global Health crisis with 47–50 million cases each 
year of which 11 million people die, as of 2020. Most cas-
es of sepsis are caused by bacterial infections, however, 
other infections like viral infections, such as COVID-19 
or influenza, or fungal infections can also cause sepsis.4 
Sepsis is hard to diagnose because it is a heterogeneous 
syndrome whose course depends on different pathophys-
iological mechanisms, complexity in clinical context, 
and clinical phenotypes. Hospitals use scoring systems 

such as Acute Physiology and Chronic Health Evalua-
tion (APACHE), Sequential Organ Failure Assessment 
(SOFA), and Quick SOFA (qSOFA) for sepsis detection; 
however they have low sensitivity and often require bio-
markers from multiple different tests.5 The SOFA score 
numerically quantifies the number and severity of failed 
organs. It provides potentially valuable prognostic infor-
mation on in-hospital survival when applied to patients 
with severe sepsis with evidence of hypoperfusion at the 
time of emergency department presentation.6 The Logis-
tic Organ Dysfunction Score (LODS) is a tool to identify 
patients at high risk of developing postoperative severe 
sepsis and the need for early goal-directed therapy.7 

APACHE is a successful scoring system assessing severity 
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of illness and prognosis of intensive care unit patients and 
has been evaluated and validated in patients for mortality 
outcome.8 MODS refers to the clinical syndrome in which 
at least two systems or organs suffer from simultaneous or 
sequential dysfunction during major surgery, infection, 
shock, poisoning and severe trauma, thus undermining 
the stability of the internal environment.9 Systemic in-
flammatory response syndrome (SIRS) is an exaggerated 
defense response of the body to a noxious stressor (in-
fection, trauma, surgery, acute inflammation, ischemia or 
reperfusion, or malignancy) to localize and then elimi-
nate the endogenous or exogenous source of the insult. 
SIRS with a suspected source of infection is termed sep-
sis.10 There is still no current standard for sepsis detection 
scoring systems. Instead, blood culture is considered gold 
standard for the confirmation of bacteremia which can 
isolate and identify the causative agent and subsequently 
test the antimicrobial sensitivity, but the delayed process 
of bacterial culture emphasizes the importance of a reli-
able and fast sepsis detection system that utilizes only a 
few biomarkers that are readily available in hospital and 
clinical settings.11 

Procalcitonin (PCT) is a protein that is synthesized in 
the thyroid gland as an immediate response to inflamma-
tion, making it a good biomarker for sepsis detection.11,12 
In everyday clinical practice, worldwide, white blood cells 
(WBC) and C-reactive protein (CRP) still represent the 
cornerstones on which is based the diagnosis and prog-
nosis of infected patients together with other signs and 
symptoms like fever, tachycardia, and tachypnea, when 
a documented or suspected infection is detected.13 PCT, 
CRP and WBC can be combined as effective indicators 
for the identification of acute bacterial or no-bacterial in-
fections in children. Albumin can be another biomark-
er for sepsis as their levels are associated with short-term 
and long-term outcomes in sepsis.15 C-reactive protein 
(CRP) and serum albumin (ALB) are useful markers that 
can predict morbidity and mortality among critically ill 
patients. This is because CRP effectively reflects acute-
phase inflammation while ALB may reflect malnutrition 
among critically ill patients.16 The neutrophil-lympho-
cyte ratio (NLR) is an inflammatory biomarker that uses 
two types of white blood cells (neutrophils and lympho-
cytes) that when out of equilibrium can indicate system-
ic inflammation. NLR serves as an effective biomarker, 
as neutrophils are typically an immediate response to 
infection, while lymphocytes are not.17 Together, PCT, 
CRP, WBC, Alb, and NLR serve as the biomarkers used 
for sepsis detection in this machine learning model. As 
of recent, machine learning has been a point of focus in 
the biomedical research space, as it allows for automation 
in the healthcare industry, minimizing human error and 
maximizing efficiency. Still, current research on sepsis di-
agnostic scoring systems is limited. Previous studies have 
explored procalcitonin as a possible biomarker for sep-

sis detection, however sensitivity was below satisfactory, 
and the biomarkers chosen are not all blood-based and 
include comorbidities, which may create a less reliable 
model due to high correlation.18

Aim
The aim of this study was to create a sepsis detection 
artificial intelligence model utilizing only blood-based 
biomarkers readily available in hospital and clinical set-
tings that outperforms current sepsis scoring systems.

Material and methods
Dataset
The dataset used in this study was obtained from the Na-
tional Center for Biotechnology Information website.18  
The electronic health records were obtained from Saint 
Mary’s Hospital Luodong, Taiwan and was approved by 
the Institutional Review Board of Saint Mary’s Hospital 
Luodong (approval # SMHIRB_105012). The data were 
analyzed anonymously. The dataset consisted of 258 
critically ill patients with sepsis group (n=115) and the 
non-sepsis group (n=143). It had 79 features including 
demographics, comorbidities, clinical variables, scoring 
systems, and the Sepsis label.

Preprocessing
The dataset was then preprocessed using Python on 
Google Colab. First, features irrelevant or highly cor-
related to sepsis were removed. These features include 
sex, comorbidities, and features specific to the hospital 
the data was collected in. Ultimately, 27 features were 
removed including ‘sex’, ‘IPS’ ‘ICU_BilT’, ‘inhos_mor-
tality’, ‘Reasons_ICUadm’, ‘Bacteremia’, ‘UTI’, ‘Pneu-
monia’, ‘Skin_infection’, ‘Other_infection’, “Infection”, 
‘CS_CADMI’, ‘CS_CHF’, ‘CS_CKD’, ‘CS_PADPAOD’, 
‘CS_CVA’, ‘CS_Dementia’, ‘CS_CLD’, ‘CS_PUD’, ‘CS_
HTN’,’CS_DM’, ‘CS_LD’, ‘CS_cancer’, ‘ICU_day’, ‘Divi-
sion_ICUadm’,”VPAP_A”,”CPCR”. After analyzing the 
dataset, it was evident that the feature of CRP had null 
values for several patients, so data imputation was uti-
lized through filling in blank spaces with median val-
ues. The feature ‘Sepsis_3’, which is the label, was also 
removed from the dataset before performing the multi-
variate linear regression. The test procedure flow chart 
is shown in Figure 1.

Fig. 1. Flowchart of procedure
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Multivariate linear regression
Continuing on Google Colab, a multivariate linear re-
gression analysis was applied to the dataset to deter-
mine the p values and the β coefficients for the different 
features. The five blood-based features that were deter-
mined to be statistically significant (p<0.05) in detect-
ing sepsis include PCT, CRP, WBC, Alb, and NLR. The 
formula for the blood-based scoring system was set as 
Blood-based score=βPCTxPCT + βCRPxCRP + βWBCxWBC 
+ βAlbxAlb + βNLRxNLR. The blood-based scoring system 
was added back to the dataset as a feature and ‘Sepsis_3’ 
was added back as the label. 

XGBoost model testing
Due to its speed, ease of use, and superior performance, 
XGBoost was the machine learning classifier used in 
this experiment.19 The scoring system was then validat-
ed through the model and performance was compared 
to PCT alone and other sepsis scoring systems including 
SOFA, APACHE, LODS, MODS, and SIRS. The AUC 
curve was plotted, and the accuracy and recall scores 
were considered.

Results
Multivariate linear regression
The results of the multivariate linear regression along with 
the features and their p values and β coefficient values are 
shown in Table1. There were a total of nine features that 
were statistically significant (p<0.05) in detecting sepsis; 
however, excluding those that are scoring systems and 
biomarkers that can’t be extracted from a blood test, only 
5 biomarkers fit the criteria. These blood-based biomark-
ers include PCT, CRP, WBC, Alb, and NLR. They had p 
values of 0.042, 0.041, 0.039, 0.001, and 0.001 respective-
ly. Additionally, the β coefficient values for these statisti-
cally significant biomarkers were 0.0202, -0.0002, -0.0155, 
-1.4525, and 0.0419 respectively. 

XGBoost model performance
Once the formula βPCTxPCT+βCRPxCRP+βWBCxW-
BC+βAlbxAlb+βNLRxNLR was applied to create the 
Blood-based score, training and validation testing was 
performed. The blood-based scoring system created, 
outperformed all other scoring systems, as it had a recall 
of 0.7922, while PCT alone had a recall of 0.7047, SOFA 
had a recall of 0.5044, APACHE had 0.6480, MODS had 
0.5748, LODS had 0.6520, and SIRS had 0.6146. Howev-
er, the blood-based score underperformed in other met-
rics with an AUROC of 0.7321, an accuracy of 0.6154, 
and a precision of 0.4615. The performance of the vari-
ous scoring systems is shown in Table 2. A graph show-
ing their AUROC and recall is shown in the Figure 2. 
The ROC (Receiver Operating Characteristic) curve is a 
graph of false positive rate, which is the x-axis, and true 
positive rate which is the y-axis. AUROC (Area Under 

Receiver Operating Characteristic Curve) is a metric for 
assessing an ROC curve’s performance. A greater AU-
ROC indicates a higher model performance, through 
minimal false positives and a higher rate of true posi-
tives. The greatest possible AUROC is 1. The AUROC 
curves of the scoring systems in shown in Figure 3.

Table 1. Multivariate linear regression results:  p values and 
β coefficients for features

Feature p β coefficient

ICU_BT (body temperature) 0.473 0.1408

ICU_HR (heart rate) 0.463 0.0089

ICU_RR (respiratory rate) 0.516 0.0189

ICU_SPO2 (oxygen Saturation) 0.002 0.1056

ICU_MAP (mean arterial pressure) 0.029 -0.0209

ICU_GCS (Glascow coma scale) 0.155 -0.1419

ICU_Cr (creatinine) 0.759 0.0336

ICU_PCT (procalcitonin) 0.042 0.0202

bCr (breakpoint cluster region) 0.97 0.4722

ICU_CRP (C-reactive protein) 0.041 -0.0002

ICU_BUN (blood urea nitrogen) 0.853 0.0015

ICU_eGFR (estimated glomerular filtration) 0.774 -0.0012

ICU_Ca (calcium) 0.539 0.1477

ICU_GLU (glucose) 0.968 -5.206e-05

ICU_Alb (albumin) 0.001 -1.4525

ICU_GOT (glutamic-ocaloacetic transaminase) 0.934 0.0002

ICU_GPT (glutamic-pyruvic trandaminase) 0.413 -0.0041

ICU_Na (sodium) 0.707 -0.0083

ICU_K (potassium) 0.661 -0.0938

ICU_PH (potential of hydrogen) 0.221 -2.8951

ICU_PCO2 (partial pressure of oxygen) 0.403 -0.0151

ICU_ PO2 (partial pressure of oxygen) 0.073 -0.0089

ICU_HCO3 (bicarbonate) 0.401 0.0343

ICU_SO2 (sulfur dioxide) 0.03 0.0380

ICU_WBC (white blood cells) 0.039 -0.0155

ICU_HB (hemoglobin) 0.665 0.2543

ICU_HCT (hematocrit) 0.784 -0.0530

ICU_NLR (neutrophil to lymphocyte ratio) 0.001 0.0419

ICU_PLT (platelet count) 0.514 0.0015

qSOFA (quick sequential organ failure assessment) 0.384 -0.3493

MODS (multiple organ dysfunction score) 0.656 -0.0873

APACH (APACHE II) 0.474 -0.0397

SIRS (systemic inflammatory response syndrome) 0.566 0.1769

LODS (logistic organ dysfunction system) 0.158 -0.2167

SOFA (sequential organ failure assessment) 0.02 0.3389

Table 2. Validation testing results for Blood-based Score, 
PCT and other scoring systems

Scoring System Recall AUROC Accuracy Precision

Blood-based Score 0.7922 0.7321 0.6154 0.4615

PCT 0.7047 0.7549 0.75 0.5909

SOFA 0.5044 0.7370 0.6731 0.5926

APACHE 0.6480 0.7370 0.5577 0.5833

MODS 0.5748 0.6851 0.7115 0.6522

LODS 0.6520 0.7144 0.7115 0.6429

SIRS 0.6146 0.6488 0.5769 0.5667
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Fig. 2. Graph of scoring systems’ performance (AUROC in 
blue and recall in red)

Fig. 3. AUROC Curve

Discussion
Hospital mortality from sepsis has ranged from 25% to 
80% over the last few decades. Although mortality may be 
lower in recent years, sepsis is clearly still a very serious 
condition.20 This study has developed a machine learning 
model that detects sepsis utilizing a combination of five 
blood-based biomarkers procalcitonin, white blood cells, 
C-reactive protein, neutrophil to lymphocyte ratio, and al-
bumin which outperformed procalcitonin biomarker as 
well as other scoring systems such as APACHE, MODS, 
SOFA, LODS and SIRS with a higher sensitivity. A study 
conducted by Luo et al., 2009 found that LODS, SOFA and 
MODS show a good discrimination power, while max-
imum LODS is of the highest discrimination power to 
predict the outcome of patients with severe sepsis.21 The 
blood-based biomarker developed in this study outper-
formed the LODS scoring system. A recent study conduct-
ed by Peipei Liang and Feng Yu supports the effective use 
of blood-based biomarkers in sepsis prognosis. They con-
cluded that NLR, CRP, and PCT have important clinical 
applications in the assessment of the extent of disease and 
prognosis of patients with bloodstream infection and sep-
sis.22  Interestingly, another study comparing the effective-
ness of PCT and CRP concluded that PCT concentrations 
during multiple organ dysfunction syndrome provides 
more information about the severity and the course of the 
disease than that of CRP.23 The current study is in line with 

the research conducted by Claudia Gregoriano. He con-
cluded that PCT is very effective in detecting sepsis, but yet 
should be used as a complementary tool combined with 
available clinical and diagnostic parameters.24 A similar 
study conducted by Tsui et al., 2021 used machine learn-
ing to develop a novel PCT-based score which outper-
formed existing sepsis biomarkers and scoring systems in 
sepsis detection. This PCT-based score was composed of 
five predictors, including higher serum PCT level, higher 
NLR, lower albumin level, diabetes mellitus, and necessi-
tating vasopressor and performed at a sensitivity of 0.70.18

The blood-based scoring system developed in this 
study had a slightly lower AUROC than the PCT bio-
marker. But it had the highest recall score of 0.79, which 
is considered the most important metric of performance, 
as higher recall scores indicate minimal false negatives 
to minimize mortality.  Even though the blood-based 
scoring system demonstrated satisfactory results relative 
to the other scoring systems, recall and AUC scores for 
the model were still considerably low. It also had lower 
precision than other scoring systems, which could lead 
to excessive medical intervention for healthy patients. 
To optimize performance, a greater balance between re-
call and precision scores must be met. The major lim-
itation of this study is the limited data availability of 
sepsis patients. Further research would include testing 
of the  model with larger datasets from Medical Infor-
mation Mart for Intensive Care (MIMIC), which will 
lead to more accurate β coefficients, hence improving 
the performance. In addition to XGBoost, various oth-
er machine learning algorithms could be developed and 
tested utilizing the same blood-based biomarkers which 
may lead to higher performance.

Conclusion
This research has explored a novel blood-based scoring 
system based on PCT, CRP, NLR, WBC, and Alb. Be-
cause sepsis is a disease that is often acquired in hospital 
settings, this scoring system has the potential to be used 
within hospital and clinical settings, due to its sole use 
of blood-based biomarkers. This study also shows the 
potential for multivariate linear regression to be used as 
a tool for creating disease detection scoring systems.  In 
conclusion, this study demonstrates the potential to uti-
lize a blood-based scoring system to detect one of the 
deadliest and most widespread diseases: sepsis. 
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