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Abstract

Background/Objective:
To establish and validate an individualized nomogram to predict the probability of death within 30 days
in patients with sepsis would help clinical physicians to make correct decision.

Methods
We collected data of 1,205 patients with sepsis. These included 16 indexes like age and blood, randomly
assigned to the modeling and veri�cation groups. In the modeling group, the independent risk factors
related to death within 30 days were analyzed. Besides, a nomogram was established to draw the
receiver-operating characteristic (ROC) curve of the subjects. Subsequently, the discriminant ability of the
model was evaluated by the area under the ROC curve (AUC). Then, a calibration chart and Hosmer-
Lemeshow test were employed to evaluate the calibration degree of the model, and the Decline Curve
Analysis (DCA) test was used to evaluate the clinical effect of the model.

Results
The different independent risk factors related to the death of sepsis patients within 30 days included pro-
brain natriuretic peptide (pro.bnp), albumin, lactic acid (lac), oxygenation index, mean arterial pressure
(map), and hematocrit (hct). The AUC of the modeling and veri�cation groups were 0.815 and 0.806,
respectively. Moreover, the P-values of the Hosmer-Lemeshow test in the two groups were 0.391 and
0.100, respectively, and the DCA curves of the two groups were both above the two extreme curves.

Conclusion
Our model presents good signi�cance for predicting the death of sepsis patients within 30 days.
Therefore, there is a need to implement this model in clinical practice, as prompt prediction could help
tailor treatment regimens and enhance survival outcomes.

Introduction
Sepsis has a high fatality rate, leading to increased costs in healthcare[1–4],and identifying severe sepsis
patients with a predicted high risk of death and early interventions are the key strategies for improving
prognosis[5]. Clinically, to predict outcome of patients with sepsis, various severity scores have been
widely used. However, these methods have shortcomings. For example, the APACHEII score is widely
applied to assess the prognosis of critically ill sepsis patients but lacks pertinence[6], studies have
pointed out that APACHE II score underestimates the risk of death in patients with sepsis in ICU [7].
Similarly, the Simpli�ed Acute Physiology Score II (SAPS II) showed poor calibration in external validation
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studies [8, 9]. On the other hand, the SOFA score describes the development of multiple organ dysfunction
syndromes, but also shows defects when evaluating prognosis[10]. To date, there is a lack of evaluation
methods for the short-term prognosis of sepsis patients. Therefore, this study aims to establish a risk
prediction model for sepsis patients to predict their death risk within 30 days and only intervene in the
high-risk patients to reduce the mortality rate.

Materials And Methods
Subjects: This study included 1,205 patients diagnosed with sepsis from June 1, 2013, to September 1,
2020. Our inclusion criteria were as follows: 1. A diagnosed infection; 2. Infection caused the SOFA score
to increase by 2 points or more. The exclusion criteria were: 1. Less than 18 years old; 2. Patients with
leukemia, lymphoma, and end-stage tumor; 3. Patients with uncertain prognosis indicators; 4. Patients
with some missing sepsis indicators.

Observation indexes

Basic patient information (gender and age) and blood sample indexes, including oxygenation index, high
sensitivity -C reactive protein (crp), creatinine (cr), emergency procalcitonin (pct), activated partial
thromboplastin time (aptt), albumin, prothrombin time (pt), pro.bnp, pH value, lactic acid (lac), hematocrit
(hct), platelet (plt), and the mean arterial pressure and heart rate at the time of hospital admission, were
recorded for the �rst time within 24 hours after hospital admission. The international common unit at
present was taken as the index unit.

Ethics statement

This study was approved by the Ethics Committee of Dongyang People's Hospital, and the written
informed consents of all patients were obtained. All data were analyzed anonymously, and no personal
information was recorded during sessions. This study was conducted following the principles outlined in
the Helsinki Declaration and its amendments.

Methods: The patient data (in excel, pct>100 is marked as 100; pro.bnp>35000 is marked as 35000) were
collected. The createDataPartition function in R statistical package was employed to randomly divide
patients into modeling and veri�cation groups according to a death ratio of 7:3.

In the modeling group, the visreg function evaluated whether there is a linear relationship between each
continuous variable and death. Since the continuous variables lacked a linear relationship with death,
they were converted into classi�ed variables. Moreover, the one-factor analysis related to death was
performed using the twogrps function (found in the CBCgrps package), which can automatically
distinguish whether the data are per normal distribution. Thus, the correlation test method was selected.
Multiple collinearity tests were conducted on meaningful variables in the single-factor analysis, and
variance expansion coe�cient and VIFs values were adopted to enhance interpretation. VIFs 10 indicated
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no multiple collinearities among variables. Therefore, multivariate analysis was included after excluding
multiple collinearities.

Signi�cant variables in multivariate analysis were used to establish prediction models, which were
presented as a nomogram. The nomogram could directly show the relationship between each variable
and death and calculate the risk of death individually[11].

The model was evaluated from three perspectives: discrimination, correction, and clinical signi�cance.

AUC evaluated the discrimination of the model. The AUC value between 0.5 and 1.0 indicated that the
model was meaningful. The closer the AUC value is to 1, the better the discrimination ability of the model.
Speci�cally, the AUC>0.75 demonstrated that the model had a good discrimination ability[12].

The calibration of the model was evaluated by calibration chart and Hosmer-Lemeshow chi-square test.
The bootstrap method was applied in the modeling and veri�cation groups, proving that the model had
high stability. The �tting curve showed a high overlap with the standard curve, indicating a good
calibration degree. The Hosmer-Lemeshow test, �rst discovered by Hoslem in R language, was employed,
and its p-value was greater than 0.05, suggesting that the model �tting was good[13].

The DCA curve assessed the clinical validity of the model. Interpretation of the curve was as follows: the
ordinate denoted the bene�t of the evaluation model, and the abscissa denoted the risk value of illness;
the model curve was the curve represented by the model, with the ‘All’ and ‘None’ curves taken as
reference. It was considered that the further the model curve is from the two extreme curves, the greater
the clinical signi�cance[14, 15].

Statistical analysis

In this study, the continuity of the measured data, which followed a normal distribution, was analyzed by
T-test and expressed as mean±standard deviation. Data that were not normally distributed were analyzed
by the Wilcoxon rank-sum test (sample size was less than 5000) and expressed as quartile. Finally,
classi�cation variables were analyzed by chi-square test and expressed as a percentage, and the above
statistical analysis was completed in R software.

Results
Herein, 1,205 patients were included. The modeling group included 844 cases with 124 death, whereas
361 cases were included in the veri�cation group with 67 death. Thus, the mortality was about 15.8%. In
the modeling group, univariate analysis showed that 11 indicators like PCT, MAP, and creatinine were
related to prognosis (Table 1). 
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Table 1
Univariate analysis between survivors and no survivors a

Variables Total (n = 844) survivals (n = 720) No survivals (n =
124)

p

Gender, n (%)       0.379

female 333 (39) 289 (40) 44 (35)  

male 511 (61) 431 (60) 80 (65)  

Pt, n (%)       <
0.001

<15(s) 325 (39) 295 (41) 30 (24)  

15-25(s) 492 (58) 406 (56) 86 (69)  

>25(s) 27 (3) 19 (3) 8 (6)  

Aptt, Median (IQR) 46.6 (41.3, 53) 46.2 (41.3, 52.7) 48.75 (41.9, 54.5) 0.073

Oxygenation.Index, n
(%)

      <
0.001

>300 407 (48) 370 (51) 37 (30)  

<150 68 (8) 42 (6) 26 (21)  

150-300 369 (44) 308 (43) 61 (49)  

Cr, n (%)       <
0.001

<100(mmol/L) 401 (48) 360 (50) 41 (33)  

100-200(mmol/L) 311 (37) 260 (36) 51 (41)  

201-300(mmol/L) 63 (7) 53 (7) 10 (8)  

301-400(mmol/L) 28 (3) 18 (2) 10 (8)  

>400(mmol/L) 41 (5) 29 (4) 12 (10)  

Albumin, Mean ± SD 28.11 ± 4.68 28.52 ± 4.58 25.72 ± 4.56 <
0.001

Map, n (%)       <
0.001

70-105(mmhg) 678 (80) 608 (84) 70 (56)  

<70(mmhg) 102 (12) 56 (8) 46 (37)  

>105(mmhg) 64 (8) 56 (8) 8 (6)  
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Variables Total (n = 844) survivals (n = 720) No survivals (n =
124)

p

Hct, n (%)       <
0.001

0.3-0.459 501 (59) 450 (62) 51 (41)  

<0.3 337 (40) 266 (37) 71 (57)  

>0.459 6 (1) 4 (1) 2 (2)  

Pct, Median (IQR) 13.95 (2.83, 48.8) 13.07 (2.52, 44.91) 16.86 (3.9, 88.58) 0.009

Crp, Median (IQR) 169.6 (117.89,
200)

169.35 (120.33,
200)

172.6 (90.72, 200) 0.734

Ph, Median (IQR) 7.41 (7.35, 7.45) 7.41 (7.36, 7.45) 7.34 (7.24, 7.42) <
0.001

Plt, n (%)       <
0.001

100-300(10*9/L) 501 (59) 443 (62) 58 (47)  

<50(10*9/L) 109 (13) 72 (10) 37 (30)  

50-99(10*9/L) 190 (23) 165 (23) 25 (20)  

>300(10*9/L) 44 (5) 40 (6) 4 (3)  

Pro.bnp, n (%)       <
0.001

<2000(pg/ml) 402 (48) 373 (52) 29 (23)  

2000-10000(pg/ml) 290 (34) 236 (33) 54 (44)  

10001-20000(pg/ml) 75 (9) 56 (8) 19 (15)  

>20000(pg/ml) 77 (9) 55 (8) 22 (18)  

Lac, Median (IQR) 2.4 (1.6, 4.1) 2.3 (1.5, 3.6) 3.9 (2.18, 7.7) <
0.001

Age, Median (IQR) 75 (64, 83) 74 (63, 83) 78.5 (67.75, 85.25) 0.001

heart.rate, Median
(IQR)

124 (108, 142) 122 (107, 140) 133.5 (120, 152.5) <
0.001

a Continuous variables are described by means and quarterbacks. Categories varies are analyzed by χ2
test and continuous variables are analyzed by Wilcoxon rank sum test.

Multiple collinear tests were performed on the meaningful indexes in single-factor analysis. However, their
VIFs values were all less than 10, proving no obvious collinear relationship among the factors (see
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attached Table in Supplementary Dataset). Multivariate logistics analysis was conducted on death-
related variables within 30 days based on univariate analysis. Here, brain pro-natriuretic peptide, lactic
acid, albumin, oxygenation index, mean arterial pressure, and hematocrit were all independent risk factors
(Table 2). 
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Table 2
Multivariate logistic regression analysis of involved variables.

Variables B SE WaldX2 P OR(95%CI)

(Intercept) 12.552 9.298 1.350 0.177 2.827*105 (0.003-
2.255*1013)

Pt15-25(s) 0.091 0.269 0.338 0.735 1.0950(0.650-1.874)

Pt>25(s) -0.274 0.615 -0.445 0.657 -0.761(0.214-2.431)

Oxygenation.Index<150 1.076 0.370 2.911 0.003 2.933(1.411-6.032)

Oxygenation.Index150-300 0.445 0.255 1.741 0.082 1.560(0.948-2.587)

Cr100-200(mmol/L) -0.126 0.274 -0.461 0.645 0.881(0.513-1.505)

Cr201-300(mmol/L) -0.852 0.498 -1.712 0.087 0.427(0.154-1.087)

Cr301-400(mmol/L) 0.071 0.572 0.124 0.901 1.073(0.335-3.120)

Cr>400(mmol/L) -0.002 0.515 -0.003 0.997 0.998(0.353-2.680)

albumin -0.087 0.027 -3.265 0.001 0.916(0.869-0.965)

Map<70(mmhg) 1.554 0.283 5.497 <0.001 4.732(2.714-8.243)

Map>105(mmhg) 0.272 0.447 0.608 0.543 1.313(0.512-3.005)

Ph -1.947 1.230 -1.584 0.1133 0.143(0.013-1.610)

Plt<50(10*9/L) 0.381 0.314 1.214 0.225 1.463(0.783-2.685)

Plt50-99(10*9/L) -0.146 0.305 -0.480 0.631 0.864(0.467-1.549)

Plt>300(10*9/L) -0.554 0.588 -0.942 0.346 0.575(0.156-1.643)

Pro.bnp2000-10000(pg/ml) 0.860 0.282 3.045 0.002 2.363(1.367-4.148)

Pro.bnp10001-
20000(pg/ml)

0.893 0.403 2.217 0.027 2.443(1.095-5.348)

Pro.bnp>20000(pg/ml) 1.185 0.422 2.810 0.005 3.271(1.421-7.462)

Lac 0.121 0.041 2.945 0.003 1.129(1.042-1.225)

Heart.rate 0.003 0.005 0.558 0.577 1.003(0.993-1.012)

Hct<0.3 0.727 0.250 2.912 0.004 2.070(1.272-3.395)

Hct>0.459 1.532 1.087 1.410 0.159 4.628(0.471-3.851)
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Subsequently, the independent risk factors were selected to establish a nomogram (Figure 1). The
speci�c values of each independent risk factor matched the corresponding scores. Then, the scores were
summed to obtain the total score, indicating the corresponding death risk. For example, the patient's
albumin content was 27.3g/L; oxygenation index was 300; the mean arterial pressure was 70-105mmhg;
pro. bnp was 10,001-20,000pg/ml; the lactic acid value was 7.3mmol/L; hct was 0.299. Each item had a
corresponding score in β (XM) terms of the nomogram, marked by a red dot. By calculation, the Total
score was 2.36, and in Pr (death), the corresponding mortality rate was 21.8% (marked by a red arrow).

Interpreting the model’s discrimination, the goodness of �t, and clinical validity were performed using the
ROC curve to perform the discrimination of models (Figure 2A). Its AUC value was 0.815, showing a good
discrimination ability for the model. The optimum threshold of this model was 0.117, with a speci�city of
69.6% and a sensitivity of 77.4%. The calibration chart (Figure 2B) and Hosmer-Lemeshow test were used
to assess the goodness of �tting, and the p-value of the Hosmer-Lemeshow test was 0.391, suggesting
good �tting. Finally, the DCA curve (Figure 2C) was used to assess clinical effectiveness. The DCA curves
of both the modeling and veri�cation groups were above the two extreme curves, indicating that good
clinical signi�cance.

Lastly, the veri�cation population was interpreted: In the modeling group, discrimination (Figure 3A), the
goodness of �tting (Figure 3B), and clinical effectiveness (Figure 3C) were interpreted, and the AUC value
of the veri�cation group was 0.806. The P-value of the calibrated Hosmer-Lemeshow test was 0.100, and
the overlap between the �tting curve and the standard curve was high, indicating a good prediction effect
and good �tting. Hence, the DCA curve suggested a good clinical e�cacy.

Discussion
This study has established a nomogram. It exhibits different indexes as the independent risk factors
causing the death of sepsis patients within 30 days. These include the pro. bnp, lactic acid, albumin,
hematocrit, oxygenation index for the �rst time after hospital admission, and the average arterial pressure
at admission. This model will help clinicians to analyze the prognosis of sepsis patients and formulate
possible intervention measures. Notably, the model was evaluated based on different perspectives,
including discrimination, calibration, and clinical effectiveness, and all their results suggest that the
model has good signi�cance

Sepsis is caused by an inability of the immune system to eliminate invading pathogens and immune
disorders [16, 17]. It is often manifested as multiple organ dysfunction, including coagulation disorder,
cardiac dysfunction, renal insu�ciency, nutritional disorder, etc. Many indexes such as PCT[18],CRP[18],
renal insu�ciency[19], lactic acid[20–22], pro. bnp[23, 24], albumin[25, 26], and coagulation[27, 28] have
been reported to have a good effect on the diagnosis and prognosis evaluation of sepsis. This study
presents that PCT, CRP, platelet, coagulation, and renal function indicators have less signi�cance in
assessing the short-term prognosis of sepsis patients. The PCT and CRP indicators are among the
commonly detected indexes in patients with sepsis and are helpful to diagnose and evaluate the severity



Page 10/17

of sepsis. However, their values for prognosis evaluation are controversial. Some studies have found no
signi�cant correlation between the prognosis of severe patients and the PCT and CRP levels[28, 29].
Abnormal coagulation is common in patients with severe sepsis. Compared to previous studies, this
study indicates that the initial coagulation index was not an independent risk factor for the death of
patients with sepsis. Besides, it could be related to the presently increased clinical interventions (platelet
and plasma transfusion), which could timely correct coagulation functioning. Previous studies have
suggested that creatinine has signi�cance in evaluating the prognosis of sepsis patients [19, 30].
However, our study shows that the initial creatinine value has little signi�cance in evaluating prognosis.
Thus, the mature and early application of the CRRT technology could be the reason for the declining renal
function indicator values in assessing the prognosis of sepsis patients [31].

Lactic acid is one of the indexes of oxygen metabolism, which could gauge prognosis in sepsis and
many other critical diseases[20–22]. Pro-bnp is an index re�ecting cardiac functioning. Sepsis could
trigger septic cardiomyopathy. A study has reported that the death rate of septic patients with septic
cardiomyopathy complications increases [32]. Moreover, inappropriate rehydration during treatment could
also increase the pro-bnp index. Whether it is caused by sepsis or improper medical treatment, the
abnormal pro-bnp increase is considered one indicator for the poor prognosis of sepsis patients[33].
Albumin is an important nutritional index, and since its consumption in sepsis patients increases,
malnutrition triggers poor prognosis [25, 26].

The low MAP suggests that sepsis patients are in a state of low perfusion shock, indicating that the
disease has entered a severe stage. Elsewhere, studies have reported that the mortality rate of septic
shock could reach 33.5%-61%[34, 35],, which signi�cantly increases the mortality rate of patients with
sepsis.

Many studies have explored the relationship between sepsis and acute respiratory distress syndrome
(ARDS), and it is generally believed that sepsis combined with ARDS would increase the mortality
rate[36]. Nevertheless, few studies have assessed the relationship between sepsis and oxygenation index.
This study suggests that the early decline of the oxygenation index is an independent risk factor for the
prognosis of sepsis. Besides, ARDS, cardiac dysfunction, and excessive �uid resuscitation are the
reasons for the decreasing oxygenation index and should be actively prevented and treated in clinical
medicine.

Furthermore, this study suggests that hematocrit has certain signi�cance in evaluating the short-term
prognosis of sepsis patients. Whether the hematocrit is lower or higher than the normal level, it eventually
affects the prognosis. Hence, correcting anemia and changing blood concentration could improve the
prognosis of sepsis patients.

Unlike previous studies, the independent risk factors related to the death of patients with sepsis within 30
days have been found in this study and presented using a nomogram.
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Clinically, various scoring systems had been widely used in the patients with sepsis, but the ability of
those scoring systems is insu�cient in accurately and reliably predicting mortality in the sepsis patient
population. Arabi et al. evaluated four scoring systems in ICU patients with sepsis, reporting poor
calibration for all four scores [9].Compared to the old scoring system,the predictive factors included in
this study are objective and simple,and the model has good signi�cance in discrimination, calibration and
clinical validity.

Thus, this study could provide a short-term prognosis of sepsis patients in a more intuitive, concrete, and
vivid manner when compared with previous studies. Besides, it comprehensively evaluates the model,
suggesting that the model is helpful for clinical decision-making.

The limitation of this study

(1) in a retrospective study, selection bias cannot be avoided; (2) it is a single-center study, and real
external veri�cation data are lacking.

Declarations
Acknowledgement: We appreciate the Lejiu platform for providing technical support during data col-
lection and the Dongyang People's Hospital for providing all the required data. Moreover, we thank all the
authors for their immense contributions.

Author contributions: Chen Jianping set the research objectives, led and supervised the research activi-
ties; Wang Bin was responsible for the speci�c method design, model establishment, and writing the
original manuscript draft; Ouyang Jian participated in data collection and preliminary data cleaning.

Data Usability Statement: The minimum basic data describing the original code for establishing our
prediction model in R software are uploaded as supporting information. However, due to ethical reasons,
the clinical data of patients in our hospital cannot be publicly obtained. Therefore, if anyone is interested
in our data, please contact Wang Maofeng (Director of Data Access Committee of Dongyang Hospital
A�liated to Wenzhou Medical University; Email: 13967995216@163.com) and promise to sign a
con�dentiality agreement for non-commercial purposes.

Con�ict of interest: All authors declare no con�ict of interest.

References
1. Fleischmann, C. et al. Assessment of Global Incidence and Mortality of Hospital-treated Sepsis.

Current Estimates and Limitations[J].Am J Respir Crit Care Med,2016, 193(3):259–272.
doi:10.1164/rccm.201504-0781OC

2. Marx, G. G. SepNet Critical Care Trials. Correction to: Incidence of severe sepsis and septic shock in
German intensive care units: the prospective, multicentre INSEP study[J].Intensive Care Med,2018,



Page 12/17

44(1):153–156. doi:10.1007/s00134-017-4980-0

3. An, X. & Zhang, Z. X. Ma. [Comparison between the international and the Japanese guidelines for the
management of sepsis and septic shock 2016][J].Zhonghua Wei Zhong Bing Ji Jiu Yi Xue,2017,
29(4):289–293. doi:10.3760/cma.j.issn.2095-4352.2017.04.001

4. Rudd, K. E. et al. Global, regional, and national sepsis incidence and mortality, 1990-2017: analysis
for the Global Burden of Disease Study[J].Lancet,2020, 395(10219):200–211. doi:10.1016/S0140-
6736(19)32989-7

5. Rahmel, T. [SSC International Guideline 2016 - Management of Sepsis and Septic Shock]
[J].Anasthesiol Intensivmed Notfallmed Schmerzther,2018, 53(2):142–148. doi:10.1055/s-0043-
114639

�. Yu, S. et al. Comparison of risk prediction scoring systems for ward patients: a retrospective nested
case-control study[J]. Crit Care, 18 (3), R132 https://doi.org/10.1186/cc13947 (2014).

7. Huang, C. T. et al. Clinical Trajectories and Causes of Death in Septic Patients with a Low APACHE II
Score[J]. J Clin Med, 8 (7), https://doi.org/10.3390/jcm8071064 (2019).

�. Nassar, A. P. Jr. et al. Caution when using prognostic models: a prospective comparison of 3 recent
prognostic models[J]. J Crit Care,2012, 27(4): 423 e421-427. doi:10.1016/j.jcrc.2011.08.016

9. Arabi, Y. et al. Assessment of six mortality prediction models in patients admitted with severe sepsis
and septic shock to the intensive care unit: a prospective cohort study[J]. Crit Care, 7 (5), R116–122
https://doi.org/10.1186/cc2373 (2003).

10. Wang, S. et al. [Predictive value of four different scoring systems for septic patient's outcome: a
retrospective analysis with 311 patients][J].Zhonghua Wei Zhong Bing Ji Jiu Yi Xue,2017,
29(2):133–138. doi:10.3760/cma.j.issn.2095-4352.2017.02.008

11. Harrell, F. E. Jr. et al. Evaluating the yield of medical tests[J].JAMA,1982, 247(18):2543–2546.

12. Silva, T. B. et al. Development and validation of a nomogram to estimate the risk of prostate cancer
in Brazil[J].Anticancer Res,2015, 35(5):2881–2886.

13. Niu, X. K. et al. Developing a new PI-RADS v2-based nomogram for forecasting high-grade prostate
cancer[J].Clin Radiol,2017, 72(6):458–464. doi:10.1016/j.crad.2016.12.005

14. Nattino, G., Finazzi, S. & Bertolini, G. A new test and graphical tool to assess the goodness of �t of
logistic regression models[J].Stat Med,2016, 35(5):709–720. doi:10.1002/sim.6744

15. Vickers, A. J. & Elkin, E. B. Decision curve analysis: a novel method for evaluating prediction
models[J].Med Decis Making,2006, 26(6):565–574. doi:10.1177/0272989X06295361

1�. Lelubre, C. & Vincent, J. L. Mechanisms and treatment of organ failure in sepsis[J]. Nat Rev Nephrol,
14 (7), 417–427 https://doi.org/10.1038/s41581-018-0005-7 (2018).

17. Rubio, I. et al. Current gaps in sepsis immunology: new opportunities for translational
research[J].Lancet Infect Dis,2019, 19(12):e422-e436. doi:10.1016/S1473-3099(19)30567-5

1�. Choe, E. A. et al. The Prevalence and Clinical Signi�cance of Low Procalcitonin Levels Among
Patients With Severe Sepsis or Septic Shock in the Emergency Department[J]. Shock,2016, 46(1):37–



Page 13/17

43. doi:10.1097/SHK.0000000000000566

19. Kellum, J. A. et al. The Effects of Alternative Resuscitation Strategies on Acute Kidney Injury in
Patients with Septic Shock[J].Am J Respir Crit Care Med,2016, 193(3):281–287.
doi:10.1164/rccm.201505-0995OC

20. Liu, W., Peng, L. & Hua, S. Clinical signi�cance of dynamic monitoring of blood lactic acid,
oxygenation index and C-reactive protein levels in patients with severe pneumonia[J].Exp Ther
Med,2015, 10(5):1824–1828. doi:10.3892/etm.2015.2770

21. Houwink, A. P. et al. The association between lactate, mean arterial pressure, central venous oxygen
saturation and peripheral temperature and mortality in severe sepsis: a retrospective cohort
analysis[J]. Crit Care, 20 (56), https://doi.org/10.1186/s13054-016-1243-3 (2016).

22. Liu, Z. et al. Prognostic accuracy of the serum lactate level, the SOFA score and the qSOFA score for
mortality among adults with Sepsis[J].Scand J Trauma Resusc Emerg Med,2019, 27(1):51.
doi:10.1186/s13049-019-0609-3

23. Shojaee, M. et al. Pro-BNP versus MEDS Score in Determining the Prognosis of Sepsis Patients; a
Diagnostic Accuracy Study[J]. Emerg (Tehran),2018, 6(1):e4.

24. Scheer, C. & Fuchs, C. S. Rehberg. Biomarkers in Severe Sepsis and Septic Shock: Just Listen to the
Heart?[J].Crit Care Med,2016, 44(4):849–850. doi:10.1097/CCM.0000000000001507

25. Ranzani, O. T. et al. C-reactive protein/albumin ratio predicts 90-day mortality of septic
patients[J].PLoS One,2013, 8(3):e59321. doi:10.1371/journal.pone.0059321

2�. Shin, J. et al. Prognostic Value of The Lactate/Albumin Ratio for Predicting 28-Day Mortality in
Critically ILL Sepsis Patients[J]. Shock,2018, 50(5):545–550. doi:10.1097/SHK.0000000000001128

27. Mihajlovic, D. et al. Prognostic value of hemostasis-related parameters for prediction of organ
dysfunction and mortality in sepsis[J].Turk J Med Sci,2015, 45(1):93–98. doi:10.3906/sag-1309-64

2�. Muzaffar, S. N. et al. Thromboelastography for Evaluation of Coagulopathy in Nonbleeding Patients
with Sepsis at Intensive Care Unit Admission[J].Indian J Crit Care Med,2017, 21(5):268–273.
doi:10.4103/ijccm.IJCCM_72_17

29. Jung, B. et al. Procalcitonin biomarker kinetics fails to predict treatment response in perioperative
abdominal infection with septic shock[J]. Crit Care, 17 (5), R255 https://doi.org/10.1186/cc13082
(2013).

30. Mehta, R. L. et al. Acute Kidney Injury Network: report of an initiative to improve outcomes in acute
kidney injury[J]. Crit Care, 11 (2), R31 https://doi.org/10.1186/cc5713 (2007).

31. Putzu, A. et al. Blood puri�cation with continuous veno-venous hemo�ltration in patients with sepsis
or ARDS: a systematic review and meta-analysis[J].Minerva Anestesiol,2017, 83(8):867–877.
doi:10.23736/S0375-9393.17.11946-2

32. Takasu, O. et al. Mechanisms of cardiac and renal dysfunction in patients dying of sepsis[J].Am J
Respir Crit Care Med,2013, 187(5):509–517. doi:10.1164/rccm.201211-1983OC



Page 14/17

33. Cheng, H. et al. N-terminal pro-brain natriuretic peptide and cardiac troponin I for the prognostic utility
in elderly patients with severe sepsis or septic shock in intensive care unit: A retrospective study[J].J
Crit Care,2015, 30(3):654 e659-614. doi:10.1016/j.jcrc.2014.12.008

34. Zhou, J. et al. Epidemiology and outcome of severe sepsis and septic shock in intensive care units in
mainland China[J].PLoS One,2014, 9(9):e107181. doi:10.1371/journal.pone.0107181

35. Huang, C. T. et al. Epidemiology and Outcome of Severe Sepsis and Septic Shock in Surgical
Intensive Care Units in Northern Taiwan[J]. Medicine (Baltimore),2015, 94(47):e2136.
doi:10.1097/MD.0000000000002136

3�. Force, A. D. T. et al. Acute respiratory distress syndrome: the Berlin De�nition[J].JAMA,2012,
307(23):2526–2533. doi:10.1001/jama.2012.5669

Figures



Page 15/17

Figure 1

Nomogram for predicting the risk of short-term (30 day) death in patients with sepsis
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Figure 2

ROC curve,calibration chart and DCA curve in the modeling population

Figure 3

ROC curve,calibration chart and DCA curve in the validation population
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