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Objective: The objective of this study was to utilize LASSO regression (Least Absolute Shrinkage and Selection Operator
Regression) to identify key variables in septic patients and develop a predictive model for intensive care unit (ICU) mortality.
Methods: We conducted a cohort consisting of septic patients admitted to the ICU between December 2016 and July 2019. The
disease severity and laboratory index were analyzed using LASSO regression. The selected variables were then used to develop
a model for predicting ICU mortality. AUCs of ROCs were applied to assess the prediction model, and the accuracy, sensitivity and
specificity were calculated. Calibration were also used to assess the actual and predicted values of the predictive model.

Results: A total of 1733 septic patients were included, among of whom 382 (22%) died during ICU stay. Ten variables, namely
mechanical ventilation (MV) requirement, hemofiltration (HF) requirement, norepinephrine (NE) requirement, septicemia, multiple
drug-resistance infection (MDR), thrombocytopenia, hematocrit, red-cell deviation width coefficient of variation (RDW-CV),
C-reactive protein (CRP), and antithrombin (AT) III, showed the strongest association with sepsis-related mortality according to
LASSO regression. When these variables were combined into a predictive model, the area under the curve (AUC) was found to be
0.801. The AUC of the validation group was 0.791. The specificity of the model was as high as 0.953. Within the probability range of
0.25 to 0.90, the predictive performance of the model surpassed that of individual predictors within the cohort.

Conclusion: Our findings suggest that a predictive model incorporating the variables of MV requirement, HF requirement, NE
requirement, septicemia, MDR, thrombocytopenia, HCT, RDW-CV, CRP, and AT III exhibiting an 80% likelihood of predicting ICU
mortality in sepsis and demonstrates high accuracy.
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Background

Sepsis is a pathological state characterized by an aberrant immune response triggered by an infection, leading to impaired
organ function or failure."> This condition poses a significant threat to life and demands immediate identification and
treatment.' The mortality rate associated with sepsis is estimated to be approximately 30%, with severe sepsis and septic
shock demonstrating even higher rates of mortality.’
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In recent years, the PubMed database has seen an abundance of over 500 models dedicated to predicting sepsis
mortality. In principle, variations in individual indicators have the potential to introduce new models, as these approaches
heavily rely on data-driven algorithms.* The application of computer-based technologies, which have demonstrated
considerable success in the industrial sector, has now permeated the field of medicine, becoming an essential component
across all its domains. Artificial intelligence has unlocked novel avenues for addressing and resolving both theoretical
and practical challenges in healthcare.” While logistic regression models incorporating specific factors exhibit a similar
area under the curve (AUC) in the receiver operating characteristic (ROC) analysis compared to machine learning
approaches,® the latter has the ability to identify factors influencing the clinical outcomes of sepsis, thereby contributing
to prediction and enhancement of these outcomes.’

The least absolute shrinkage and selection operator (LASSO) regression is a statistical technique employed for
variable selection and regularization in the context of linear regression analysis.® The primary goal of LASSO regression
is to minimize the sum of squared residuals while adhering to the constraint that the sum of the absolute values of
regression coefficients remains below or equal to a predefined constant. By imposing this constraint, the coefficients are
effectively shrunk towards zero, facilitating variable selection by setting certain coefficients exactly to zero. This
mechanism mitigates overfitting and enhances the accuracy and interpretability of the model.” In our study, we utilized
LASSO regression to identify the minimal set of predictive indicators for ICU mortality in sepsis patients admitted to the
intensive care unit.

Method

Inclusion Criteria

Sepsis is now defined as life-threatening organ dysfunction caused by a dysregulated host response to infection.! The
inclusion criteria are as follows: 1) Patients were diagnosed with infection, 2) The patient has organ dysfunction due to
infection. Following the Sepsis-3.0 diagnostic criteria, patients were screened for sepsis. To ensure comprehensive
screening, chest X-ray and lung CT scans were employed to identify pulmonary infections, while evidence of abdominal,
biliary, urinary tract, and bloodstream infections was also taken into consideration. Additionally, a white blood cell count
exceeding 12 x 10/L or falling below 4 x 10°/L served as a supplementary diagnostic criterion for sepsis. Clinical and
laboratory findings were evaluated to assess organ function, including the following: 1) respiratory rate exceeding 20
breaths per minute or the requirement for mechanical ventilation (MV). Patients requiring mechanical ventilation due to
respiratory failure were categorized as “MV requirement”. 2) serum creatinine levels surpassing 144 pmol/L or the need
for blood purification therapy. Patients undergoing hemofiltration (HF) were classified as “HF requirement”. 3) total
bilirubin levels surpassing 34.1 umol/L. 4) mean arterial pressure (MAP) falling below 60 mmHg or the necessity of
norepinephrine (NE) as a vasopressor to maintain blood pressure in cases of circulatory failure. Patients receiving
norepinephrine treatment were identified as “NE requirement”. 5) platelet count lower than 100 x 10°/L. Patients with
documented infections, along with organ dysfunction, were considered to have sepsis and were included in the study.

Exclusion Criteria
Patients will be excluded if they meet the following criteria:

1. Patients were diagnosed without infection.
2. Patients suffered infectious diseases without sign of organ failure.
3. Age less than eighteen.

Intervention Measures and Observation Indicators

Upon admission to the intensive care unit (ICU), blood cultures were collected, and patients received empirical
antimicrobial therapy. Mechanical ventilation and blood purification were implemented based on the severity of organ
failure. Subsequently, adjustments were made to the administration of antibiotics, other medications, and organ support
strategies in response to changes in the patient’s condition and microbial cultures. The Sequential Organ Failure
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Assessment (SOFA) score was calculated using extracted data, and various parameters were recorded, including lactate
elevations (=1.5 mmol/L), positive cultures for multidrug-resistant microorganisms, length of stay in the ICU (LOS,
measured in days), duration of mechanical ventilation (in hours), and final clinical outcomes (improvement or death).
Additionally, other laboratory indicators upon admission to the ICU were also documented.

Statistical Analysis
The patients were categorized into survival and non-survival groups based on their outcomes, and a comparison of
baseline characteristics was performed between the two groups. Normally distributed continuous variables were
presented as mean =+ standard deviation (M+SD) and analyzed using the Student’s #-test. Non-normally distributed
continuous variables were reported as the median and interquartile range and analyzed using the Mann—Whitney U-test.
The LASSO method was employed to investigate the clinical and laboratory indicators that exhibited differences
between the two groups. It aimed to identify significant prognostic risk factors for sepsis, construct a prediction model,
and assess the model’s predictive performance using the receiver operating characteristic (ROC) curve analysis. The area
under the curve (AUC) of the risk factor model for mortality prediction was calculated, along with the confidence interval
and significance test using non-parametric bootstrap resampling (resampling times = 500). The optimal threshold was
determined to evaluate diagnostic specificity, sensitivity, accuracy, positive and negative likelihood ratios, as well as
positive and negative predictive values. Discrimination and calibration analyses were conducted to assess the predictive
capability of the developed model. Additionally, decision curve analyses (DCA) were employed to validate the clinical
utility of the nomograph. Statistical significance was defined as p < 0.05. The data analysis and statistical procedures
were performed using EmpowerStats software 4.0 (R language) and R Studio 4.0.4 software for Windows.

Results

Baseline Characteristics of the Patients

A total of 1996 cases were admitted to the intensive care unit (ICU) between December 2016 and July 2019. Among
them, 1733 cases met the inclusion criteria and were diagnosed with sepsis. In the ICU, 382 cases resulted in death,
corresponding to a mortality rate of 22.04%. Of these patients, 1013 were male and 720 were female. The mean age was
61.11 £ 19.62 years. The most common sites of infection were the lungs (1098 cases), bloodstream (220 cases), abdomen
(41 cases), biliary tract (26 cases), and urinary tract (8 cases). The remaining patients were diagnosed with sepsis based
on significant increases in inflammatory indicators, even though the specific infection sites were unclear upon admission
to the ICU. A total of 666 patients experienced significant shock and required the administration of norepinephrine (NE)
to maintain blood pressure. Additionally, 483 cases exhibited lactacidosis, indicating microcirculation dysfunction. The
study included 1067 patients with respiratory failure who required mechanical ventilation, 345 patients with acute kidney
injury (AKI) necessitating blood purification treatment, 612 patients with thrombocytopenia, and 321 patients with
elevated bilirubin levels. The patients were divided into survival and non-survival groups. There was a notable difference
in the incidence of organ failure between the two groups, with the mortality group demonstrating a significantly higher
incidence compared to the survival group (p < 0.001 for both). The mortality group also had a higher Sequential Organ
Failure Assessment (SOFA) score compared to the non-mortality group (11.07 = 4.52 vs 10.46 = 4.38, p <0.001). Table 1
presents the demographic characteristics of the patients.

The survival group of patients exhibited a significantly shorter length of stay (LOS) in the intensive care unit (ICU)
compared to the non-survival group (4 days vs 8 days, p < 0.0001). Among the cases, 1067 experienced severe
respiratory failure and required mechanical ventilation for support. The duration of mechanical ventilation in the survival
group was also significantly shorter than that in the non-survival group (34 hours vs 99.5 hours, p < 0.001). The
comparisons of ICU LOS and mechanical ventilation duration are presented in Table 2.

Predictive Indicators Selected from LASSO Regression
From the LASSO regression analysis, a total of 10 variables were identified as potential predictors of sepsis-related
mortality (Figure 1A and B). These variables included the need for mechanical ventilation (MV requirement), the need
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Table 1 Demographic Characteristics of the Patients
Survival Group | Non-Survival Group p value
Case, n (%) 1351 382 -
Gender, n (%) <0.001
Male 761(56.3) 252(66)
Female 590(43.7) 130(34)
Age, MSD (y) 61.48+19.32 59.99+20.58 <0.001
Diagnosis
Biliary infection, n (%) 0.142
No 1328(98.3) 379(99.2)
Yes 23(1.7) 3(0.8)
Severe pneumonia, n (%) 0.052
No 481(35.6) 154(40.3)
Yes 870(64.4) 228(59.7)
Abdominal infection, n (%) 0.469
No 1287(95.3) 363(95)
Yes 22(4.7) 19(5)
Urinary tract infection, n (%) 0.555
No 1345(99.6) 380(99.5)
Yes 6(0.4) 2(0.5)
Septicemia, n (%) <0.001
No 1233(91.3) 280(73.3)
Yes 118(8.7) 102(26.7)
MDR, n (%) <0.001
No 1240(91.8) 285(74.6)
Yes 111(8.2) 97(25.4)
Severity of illness
NE needed, n (%) <0.001
No 956 (70.8) 111 (29.1)
Yes 395 (29.2) 271 (70.9)
MV, n (%) <0.001
No 591(43.7) 75(19.6)
Yes 760(56.3) 307(80.4)
Lactic acidosis, n (%) <0.001
No 1006(74.5) 244(63.9)
Yes 345(25.5) 138(36.1)
(Continued)
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Table | (Continued).

Survival Group | Non-Survival Group p value

Thrombocytopenia, n (%) <0.001

No 978(72.4) 143(37.4)

Yes 373(27.6) 239(62.6)
Hyperbilirubinemia, n (%) <0.001

No 1161(85.9) 251(65.7)

Yes 190(14.1) 131(34.3)
HF needed, n (%) <0.001

No 1164(86.2) 224(58.6)

Yes 187(13.8) 158(41.4)
SOFA, MxSD 10.46+4.38 11.07+4.52 <0.001
Laboratory indicators
WBC, M2SD (x107/L) 14.54 + 7.90 13.70 + 9.08 0.404
N, MxSD (%) 84.45 + 12.77 85.85 + 10.13 0.349
L, M+SD (%) 10.10 £ 1113 8.90 + 8.57 0.353
CRP, M+SD (mg/L) 106.65 + 96.56 121.63 = 117.94 0.718
PCT, M%SD (pg/mL) 16.52 + 33.68 17.50 + 34.79 0814
BCR, M+SD 19.96 + 12.79 23.61 £ 18.15 0.040
TBIL, M£SD (umol/L) 23.13 £ 29.65 17.86 + |1.62 0.565
PLT, MSD (x10°/L) 193.33 + [ 16.68 168.55 + 106.99 0.078
ATIIl, M£SD (%) 64.54 £ 18.92 54.93 + 21.78 <0.001
APTT, M%SD (s) 44.95 + 12.28 52.12 £ 24.79 <0.001
HCT, MxSD (%) 30.03 £ 5.96 28.03 + 481 0.006

Abbreviations: M, mean; SD, standard deviation; MDR, multiple drug-resistant bacteria infection; NE, norepi-
nephrine; MV, mechanical ventilation; HF, hemofiltration; SOFA, sequence organs failure assessment score; WBC,
white blood counts; N, percentage of neutrophil; L, percentage of lymphocytes; CRP, C reactive protein; PCT,
procalcitonin; BCR, Blood urinary nitrogen to Serum creatinine ratio; TBIL, total bilirubin; PLT, platelet counts; AT
Ill, anti-thrombin IIl; APTT, activated partial thromboplastin time; HCT, hematocrit.

Table 2 Comparisons of Clinical Outcomes Between Survival and Non-Survival Groups

Survival Group | Non-Survival Group p value
LOS of ICU, day median® 42,11 8 (3, 15) <0.001
MV duration, hours, mediant 34 (14, 116) 99.5 (34, 268) <0.001

Note: Non-normal distribution data were described using the percentile method.
Abbreviations: LOS, length of stay; MV, mechanical ventilation.

for hemofiltration (HF requirement), the need for norepinephrine support (NE requirement), septicemia, multidrug
resistance (MDR), thrombocytopenia, red cell distribution width coefficient of variation (RDW-CV), hematocrit
(HCT), C-reactive protein (CRP), and antithrombin III (AT III). (refer to Table 3).
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Figure | The LASSO regression analysis identified variables correlated with ICU death.
Notes: (A) Number of non-zero coefficients in the model. (B) Number of variables corresponding to different A values.

Discrimination and Validation of the Predictive Model
The predictive model for ICU mortality in sepsis incorporated the ten variables selected by LASSO regression. The
algorithm of the model is presented as follows:

Predictive Model Algorithm:

1.301 — 4.000X((RDW - CV/lO)fz) —2.613x(HF requirement = 0)-+1.252x(MV requirement = 1)—0.098x(NE

requirement = 0) 4+ 2.466xRDW — CV :(HF requirement = 0)—0.842xRDW — CV :(MV requirement = 1)—2.271x
RDW — CV :(NE requirement = 0)40.378x(HF requirement = 0):(MV)+0.818x(HF requirement = 0): (NE
requirement = 0) — 1.138xMV :(NE requirement = 0)

Table 3 Predicting Indicators Screened from LASSO Regression

Lambda (Log)

0.023 (-3.776)

0.002 (-6.381)

(Intercept) 0.405 —1.590
MV = No —0.239 —0.577
MV = Yes 4.513e-15 1.187
Lactic acidosis =No 0 0.103
Lactic acidosis = Yes 0 —1.903
Septicemia = No —0.249 —0.381
Septicemia = Yes 0.008 0.021
MDR = No —0.193 —0.021
MDR = Yes 4377 7.193
Thrombocytopenia =No —0.458 -0.512
Thrombocytopenia = Yes | 0.003 0.015
(Continued)
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Table 3 (Continued).

Lambda (Log) 0.023 (—3.776) | 0.002 (—6.381)
HF requirement = No —0.634 —0.730

HF requirement = Yes 1.070 1.478

NE requirement = No —0.972 -0.971

NE requirement = Yes 3.988 9.336

RDW-CV 0.012 0.127

HCT —0.005 -0.007

CRP 0.0002 0.002

AT Il —0.0002 —0.003

APTT 0 0.007

Abbreviations: MV, mechanical ventilation; MDR, multiple drug-resistance
infection; HF, hemofiltration; NE, norepinephrine; RDW-CV, red-cell deviation
width of coefficient of variation; HCT, hematocrit; CRP, C reaction protein; AT
lll, anti-thrombin [ll; APTT, activated partial thromboplastin time.

Within the cohort, approximately 7% of the data were missing, predominantly in the index of AT III (Figure 2A). The
area under the curve (AUC) of the model was calculated as 0.801, indicating excellent predictive performance
(Figure 2B). To validate the model, 25% of the patients from this cohort were randomly selected as the validation set
(V set). The AUC of the V set in the model was determined to be 0.791 (Figure 2B). The predictive model demonstrated
an accuracy of 0.819, a sensitivity of 0.348, and a specificity of 0.953.

Calibration of the Predictive Model

Based on the predicted probabilities, the data was stratified into ten groups using deciles. The observed values and
predicted values for each group were represented in a coordinate form. Line graphs were utilized to depict the observed
values and predicted values separately. This graphical representation effectively showcased the disparities between the
actual observed values and the model-predicted values for each group. Furthermore, it facilitated an overall assessment of
the model’s calibration performance. The close alignment between the actual values and predicted values across the
groups indicated a well-calibrated predictive model (Figure 2C and D).

Clinical Use of the Models

To validate the findings of this study, decision curve analysis (DCA) was employed. The analysis demonstrated that the
models developed using the primary cohorts exhibited a threshold probability ranging from 0.25 to 0.90 (Figure 2E).
Within this probability range, the predictive performance of the model surpassed that of individual predictors within the
cohort. The DCA curve of the validation data resembled that of the training data, further confirming the model’s
favorable predictive effect (Figure 2F).

Discussion

Sepsis is a severe systemic infection that leads to fetal multiple organ dysfunction syndrome (MODS).'® The mortality
rate associated with sepsis is alarmingly high.'' A large observational study conducted in the United States revealed
a relatively stable overall mortality rate of sepsis over the past decade, with an estimated 1 in 4 patients succumbing to
the condition during hospitalization.'> Despite being a leading cause of death worldwide, sepsis continues to pose
significant challenges in terms of high mortality rates. Consequently, researchers are actively investigating novel
therapies and interventions to enhance patient outcomes.''
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cohort. The DCA curve of the validation data resembled that of the training data, further confirming the model’s favorable predictive effect.
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While medical scientists and clinical experts agree that certain key factors can serve as prognostic indicators for
sepsis,'® different studies have identified varying high-risk factors.'*' In our study, we examined data from a cohort of
1733 septic patients and identified ten variables (MV requirement, HF requirement, NE requirement, Septicemia, MDR,
thrombocytopenia, RDW-CV, CRP, AT III, and APTT) that exhibited the strongest associations with sepsis-related
mortality using Lasso regression. When combined to form a predictive model, these variables yielded an AUC of 0.801.
The validation group demonstrated an AUC of 0.791. Although the predictive model exhibited low sensitivity (0.348), it
demonstrated favorable accuracy (0.819) and a high specificity of 0.953.

Results of a recent study revealed several autonomous predictors of mortality in sepsis, including serum cholinester-
ase, total bilirubin, respiratory failure, lactic acid, creatinine, and pro-brain natriuretic peptide. The area under the ROC
curve was 0.847 in the modeling group and 0.826 in the validation group.'® Given the heterogeneity observed in sepsis
research, with patients presenting at various stages of the disease course, predicting outcomes in sepsis has produced
diverse findings.'” One study identified age, Sequential Organ Failure Assessment (SOFA) score, serum myoglobin
(MYO), use of vasopressors, and mechanical ventilation as independent risk factors for one-year mortality. Combining
these variables in a model improved the AUC of the predictive curve.'® However, the inclusion of the SOFA score, which
assesses multiple organ systems simultaneously, may introduce overlap and potentially yield inaccurate results. Other
studies have also demonstrated successful prognostic predictions by excluding the SOFA score.'”?° Another study
proposed peritonitis, respiratory failure, cardiac insufficiency, consciousness disturbance, tumor history, albumin level,
and creatinine level at ICU admission as predictive factors for 30-day mortality. The predictive model combining these
factors yielded an AUC of 0.834, which closely aligns with our results. These models encompassed microcirculation,
respiratory function, renal function, and cardiac function as relevant factors.”'

In the intensive care unit (ICU), critically ill patients necessitate increased equipment or medication support, indicating
a more severe condition.”” Patients with sepsis-induced acute kidney injury (AKI) often require blood purification
therapy.”® The primary indications for renal replacement therapy (RRT) were oligo-anuria (57.4%), metabolic acidosis
(52.1%), and elevated plasma urea levels (47.9%).>* Existing literature indicates no significant differences in mortality
among different RRT modalities.”> While continuous renal replacement therapy (CRRT) is considered a promising clinical
technology that can potentially reduce ICU and hospital stays, decrease medical costs, provide long-term benefits to
patients, and alleviate social and personal burdens, it is important to note that further research is required to fully assess its
effectiveness and safety.”® Whether renal replacement therapy has an effect on mortality in critically ill patients remains
a topic of debate.?” The effectiveness of relood purification therapy signifies a critical stage in the patient’s condition.*®

Another crucial variable, the need for norepinephrine (NE), signifies patients with severe shock requiring NE support
for circulatory function.”” Shock, particularly septic shock, is associated with unfavorable clinical outcomes.?’
Norepinephrine is the primary vasoactive medication used for septic shock.”® Maintaining mean arterial pressure
(MAP) above 65 mmHg with norepinephrine is a common practice and serves as an indicator of the severity of
circulatory shock. Patients with septic shock tend to have prolonged ICU length of stay (LOS).*" The administration
of norepinephrine in patients with severe sepsis can enhance their clinical outcomes. Utilizing norepinephrine to maintain
blood pressure is correlated with improved clinical outcomes, particularly in patients requiring intensified infection
control strategies.>” Evidently, patients with septic shock exhibit a higher mortality rate compared to those without shock,
emphasizing shock as an independent predictor of unfavorable clinical outcomes.”

Other variables can serve as predictors of sepsis mortality. Hematocrit (Hct) is a blood test that measures the proportion of
red blood cells in the total blood volume, expressed as a percentage.”> A low HCT level independently increases the risk of
30-day mortality in sepsis patients and can be used as a significant predictor of clinical outcomes.** Combining HCT with
albumin (ALB) can also predict the prognosis of sepsis.*> Recently, red cell distribution width (RDW) has been recognized

1> RDW, whether used alone or in combination with other

for its correlation with disease severity and prognostic potentia
clinical and laboratory parameters, has demonstrated prognostic value in predicting clinical outcomes in sepsis.’’ However,
there are limited studies utilizing the coefficient of variation (RDW-CV) of RDW to predict clinical outcomes in sepsis. On
the other hand, sepsis often leads to significant coagulation dysfunction.*® APTT, in combination with other factors, has been
used to predict the mortality rate in septic patients.>® Indicators related to organ dysfunction, such as acute physiology and

chronic health assessment II (APACHE II) score, APTT, total bilirubin, creatinine, hypotension, chronic kidney disease, and
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the need for continuous renal replacement therapy (CRRT), are associated with microcirculatory impairment and increased
sepsis mortality.4° Overall, reduced HCT and prolonged APTT are important indicators for predicting the prognosis of sepsis.
It is worth noting that inflammation and coagulation often interact in the pathophysiological process of sepsis. C-reactive
protein (CRP) is an inflammatory marker that has limited value in predicting 30-day ICU mortality.*' The predictive
indicators mentioned in previous studies largely overlap with those in our study. By employing LASSO regression, our study
identified simple clinical and laboratory indicators for predicting ICU mortality in sepsis and achieved a higher prediction
AUC, underscoring the significance of these ten indicators. Indicators reflecting inflammation, coagulation, and important
organ functions play critical roles in the model.

Limitation

Despite identifying four significant prediction indicators in the sepsis cohort and validating the models’ predictive
function using internal data, this study is retrospective in nature and unable to establish definitive causal relationships.
The reliance on past records and data limits our ability to fully control variables or interventions, thereby precluding the
confirmation of causal relationships. Nevertheless, the findings offer valuable insights and hypotheses for future
prospective studies to investigate and ascertain the causal nature of these relationships.

Conclusion

By incorporating the variables of MV requirement, HF requirement, NE requirement, Septicemia, MDR, thrombocyto-
penia, RDW-CV, CRP, AT III, and APTT, a predictive model may indicate enhanced prognostic capability for sepsis
mortality. The model exhibits an 80% probability of accurately predicting ICU mortality in sepsis cases, thus demon-
strating high accuracy.
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