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Background: Sepsis-associated liver injury (SALI) is a frequent and lethal

complication among critically ill patients in the intensive care unit (ICU). Despite

its significance, there has been a notable lack of specialized tools for evaluating

the in-ICU mortality risk in these patients. This study seeks to address this gap by

developing a practical nomogram to predict risk factors associated with in-ICU

mortality in patients suffering from SALI.

Methods: Data were extracted from the MIMIC-IV database, a Critical Care

Public Medical Information Mart. The diagnostic criteria for sepsis adhered to

the Sepsis 3.0 guidelines, requiring a SOFA score of ≥ 2. SALI was defined as

total bilirubin (TBIL) levels > 2 mg/dL in patients with sepsis and an International

Normalized Ratio (INR) > 1.5. Lasso regression analyses were conducted on

the training set (n = 653) to develop a predictive nomogram model. Receiver

Operating Characteristic (ROC) curves were generated to evaluate model

discrimination. Model calibration was assessed through calibration curves and

Hosmer-Lemeshow goodness-of-fit tests. Clinical decision curves were plotted

to analyze the net benefit of the model and evaluate its clinical applicability.

Results: A total of 934 elderly patients with SALI were included in the study.

Random seeds were allocated in a 7:3 ratio, resulting in training and validation

sets comprising 653 and 281 patients, respectively. Variables were selected using

lasso regression, culminating in the inclusion of six final variables within the

model. The nomogram was evaluated against standard ICU scoring systems,

specifically SAPS II and SOFA scores, yielding AUROC values of 0.814, 0.798,

and 0.634 for the training set, respectively. Conversely, the validation set

demonstrated AUROC values of 0.809, 0.791, and 0.596. The nomogram

exhibited strong predictive performance for in-ICU outcomes. P-values from

the Hosmer-Lemeshow goodness-of-fit test for both training and validation

sets were recorded at 0.627 and 0.486, respectively, indicating good fit quality.

Decision curve analysis revealed that the nomogram consistently provides

greater net benefits compared to SAPS II and SOFA scores.
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Conclusion: A prediction model of in-ICU mortality in SALI elderly patients was

established by screening variables through lasso regression. Nomgram was the

best predictor of in-ICU mortality in SALI patients, which has a high reference

value and clinical application.

KEYWORDS

sepsis-associated liver injury, in-ICU mortality, nomogram, lasso regression, MIMIC-III
database, model

1 Introduction

Sepsis is a life-threatening organ dysfunction caused by
infection and is one of the common causes of death in patients
admitted to the intensive care unit (ICU) (1). The production of
endotoxins and the release of inflammatory factors in sepsis lead
to an abnormal immune response that impairs the functioning
of many organs, including the liver and kidneys (2). The liver
plays a central role in metabolic and immune homeostasis, and
liver injury is one of the common complications in patients
with septic shock and one of the risk factors for death in septic
patients (3, 4). Early liver damage is caused by inflammation
and microcirculation disorders, which can be recovered later with
treatment. The mechanism of late injury may be related to organ
failure caused by sepsis (5).

Sepsis-associated liver injury (SALI) is one of the most
common complications in patients with sepsis. The mechanism
is that the onset of primary dysfunction is usually associated
with inadequate hepatic perfusion, which leads to liver injury and
further complications such as diffuse intravascular coagulation and
multi-organ failure (6). Secondly, sepsis also causes dysfunction
of the intestinal microcirculation, prompting leakage of intestinal
toxins and bacteria into the liver through the portal vein,
which can lead to hepatitis (7). There are several main types
of SALI: ischemic-hypoxic liver injury, cholestatic liver injury,
and hepatocellular injury (8). Ischemic-hypoxic liver injury results
from hepatic hypoperfusion and hypoxemia, characterized by a
significant elevation in serum aminotransferase levels, along with
coagulation abnormalities and minimal jaundice (9). Cholestasis is
primarily defined by hyperbilirubinemia or jaundice, which may be
linked to impaired bile formation and reduced motility (10). The
classification of hepatocellular injury types predominantly relies
on drug-related liver injury criteria established in the literature
(11). There is a lack of clarity about the mechanisms by which
SALI occurs, which may be related to the following pathways,
including microcirculation and endothelial damage (12), intestinal
flora dysbiosis (13), inflammatory factor imbalance (7), oxidative
stress (14), and mitochondrial metabolic disorders (15), among
other points. Studies have shown that liver failure is an independent
risk factor for multi-organ dysfunction and high mortality in
patients with sepsis (16). However, there are no studies of in-ICU
mortality prediction models for patients with SALI. Therefore, the
purpose of this paper is to explore the independent risk factors for
the development of SALI.

Sepsis is most prevalent among the elderly, infants, and
individuals with certain underlying conditions that compromise

the immune system. As society ages, the population of elderly
patients is growing, leading to an increase in the incidence of sepsis
(17). Reducing the mortality and disability rates of SALI in the
elderly population is one of the current issues that needs to be
addressed. Nomograms are visual statistical tools that integrate
various data to develop continuous scoring systems reflecting
individual risk probabilities accurately (18). Therefore, it is crucial
to establish an accurate dynamic nomogram, which has important
implications for both individuals and society through prognostic
and clinical management decisions.

2 Materials and methods

2.1 Data source

This study used a retrospective cohort design. Data were
obtained from the Medical Information Mart for Intensive Care
(MIMIC)-IV database (version 3.0), which includes patients from
2020 to 2022 in addition to those from version 2.2, access to
MIMIC-IV v3.0 (physionet.org). The MIMIC database is a large,
freely available database that contains de-identified health-related
data for over 40,000 patients admitted to the intensive care unit
at Beth Israel Deaconess Medical Center in Boston, Massachusetts
(19). The first author, Xuemei Hu, completed the “data or specimen
research” training and was granted permission to use public data
(ID: 13677449). As this study was conducted using an anonymous
public database by the review board protocol, ethical consent
was not required.

2.2 Population selection criteria

The inclusion criteria consisted of the following: (1) Meet the
diagnostic criteria of sepsis 3.0 (1). (2) Patients admitted to the
ICU for the first time and have been hospitalized for at least
24 h. (3) age ≥ 60 years. (4) Meet the definition of SALI: total
bilirubin level > 2 mg/dL (34.2 µmol/L), international normalized
ratio > 1.5 (16, 20).

The exclusion criteria encompassed: (1) does not meet the
diagnostic criteria for sepsis 3.0. (2) ICU stay time less than 24 h.
(3) age < 60 years. (4) did not meet the diagnostic criteria for SALI.
(5) patients with previous liver disease, liver cirrhosis, and other
liver disease-related diseases.
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FIGURE 1

Flow chart.

2.3 Data extraction and management

The study extracted relevant variables from the MIMIC-IV
database: (1) patient general information; (2) past disease history;
(3) severity scores, including Simplified Acute Physiology Score II
(SAPS II), Sequential Organ Failure Assessment (SOFA), Systemic
Inflammatory Response Syndrome (SIRS), Glasgow Coma Scale
(GCS); (4) vital signs and biochemical indicators of patients
admitted to ICU within 24 h; and (5) treatment after ICU
admission. (6) outcome: death after ICU admission.

Variables with data missing rates greater than 30% were
excluded. For the variables included in the analysis, we used R
version 4.2.2 for data cleaning and input of missing values and
processed missing values based on R’s “randomForest” package
and used the RF method to handle missing values and the
multiple imputation method to generate five input datasets
for Lasso regression analysis. Specific details are provided in
Supplementary Figure 1.

2.4 Statistical analysis

This study was analyzed and plotted through the R version
4.2.2, and the software package used is detailed in Supplementary
Table 1. Categorical variables were analyzed for differences in
distribution between the two groups using the chi-square test (or
Fisher’s exact probability method), continuous information that
conformed to a normal distribution was described in the form
of (means ± standard deviation) and analyzed for differences
in distribution between the two groups using the t-test, and
information that did not conform to a normal distribution was
described in the form of medians (percentiles) and analyzed for
differences in distribution between the two groups using the rank-
sum test. The results of intergroup comparisons were expressed as
p-values.

A total of 70% of the patients were randomly selected as the
training set, and a nomogram visualization model was developed.
The predicted outcome was the patient’s risk of dying during ICU.
Receiver operating characteristic (ROC), calibration curve and

Frontiers in Medicine 03 frontiersin.org

https://doi.org/10.3389/fmed.2025.1516853
https://www.frontiersin.org/journals/medicine
https://www.frontiersin.org/


fmed-12-1516853 March 22, 2025 Time: 14:15 # 4

Hu et al. 10.3389/fmed.2025.1516853

decision curve analysis (DCA) were constructed to further evaluate
the applicability of the model.

3 Results

3.1 Patient characteristics

A total of 934 elderly patients with SALI were enrolled in
this study (Figure 1). They were categorized into survival group
(n = 673) and non-survival group (n = 261) based on ICU mortality.
Details of the specific subgroups and clinical baseline information
are shown in Table 1.

3.2 Correlation heat map

Correlation matrix and correlation test were performed for
all variables for 934 elderly patients and correlation heat map
was drawn (Supplementary Figure 2). From the figure, there was
much collinearity between various variables, which meant that all
the above variables could not be directly included in the logistic
regression analysis.

3.3 Lasso regression selection of
predictor variables

According to the correlation heat map, we can conclude that
there is collinearity between the variables, which cannot be directly
analyzed, so we performed lasso regression to screen out the most
suitable variables for establishing the prognosis model of patients.
Lasso regression was used to screen the predictor variables of
the ML model, and cross-validated lasso fit mean square error
(Figure 2A), and lasso fit coefficient trajectory plots (Figure 2B)
were used. According to the calculation, when the minimum mean
square error of λ is 0.029, the corresponding model predictor
variables are selected in detail.

3.4 Production of nomograms

The data of senile SALI patients were imported into R4.2.2
software, and the data were randomly assigned in a ratio of about
7:3 by setting random seeds. The final number of cases in the
training set and the validation set were 653 and 281, respectively
(Supplementary Table 2). The variables selected by lasso regression
were used to establish a model, final inclusion of albumin (ALB),
Anion gap (AG), Activated partial thromboplastin time (PTT),
Alanine transaminase-to-Alkaline phosphatase ratio (ALT/ALP),
Aspartate transaminase-to-platelets ratio (APRI), and Mechanical
ventilation were six variables. According to the “Points” in the
nomogram, the individual scores of each variable of a specific
individual can be obtained, and the sum of the individual scores can
obtain the “Total Points” in the nomogram, and the corresponding
“ICU mortality rate” is the ICU mortality probability (Figure 3).
To ensure that the variables selected from the Lasso regression

conform to the optimal model, we compute the values of Akaike
information criterion and Bayesian information criterion, thus
validating the statistical model selection and evaluation, as detailed
in Supplementary Table 1.

3.5 Multivariable logistic analysis

A multifactorial logistic analysis was performed on the six
potential predictors (Table 2). The results showed that ALB,
AG, PTT, ALT/ALP, APRI, and mechanical ventilation were
independent prognostic factors in patients with SALI. To rule out
covariance between the variables, we again tested the variables for
variance inflation factors, as shown in Supplementary Table 2.

3.6 Discrimination, calibration and
evaluation

The ROC curve was drawn to evaluate the discrimination of
the model. The area under the curve of the training cohort was
0.814 (95% CI: 0.777–0.842), while the area under the curve of
the validation cohort was 0.809 (95% CI: 0.752–0.866), which were
significantly better than the SAPSII score (AUC of the training
cohort: 0.794, 95% CI:0.760–0.828); AUC of the validation cohort:
0.791, 95% CI: 0.727–0.854) and SOFA score (AUC of the training
cohort: 0.629, 95% CI: 0.588–0.669; AUC of the validation cohort:
0.596, 95% CI: 0.522–0.670). The specific results are shown in
Figure 4.

The calibration degree of the model was evaluated by drawing
the calibration curve and Hosmer-Lemeshaw goodness of fit test.
According to the calibration plot, there was good prediction
accuracy between the actual probability and the predicted
probability. The P-values of the training cohort and validation
cohort models are 0.627 and 0.486, respectively, and the fits are
good, as shown in Figure 5.

We use the clinical DCA to evaluate the clinical utility of the
model. Within a certain threshold range > 0.4, there are net benefits
for both validation and training sets, and the specific results are
shown in Figure 6.

The Delong test showed a significant difference in AUROC
between our model and the three previous models (p < 0.05),
indicating that our model performed significantly better than these
previous models in predicting ICU mortality in SALI patients.
In addition, the results of net reclassification index (NRI) and
integrated discrimination index (IDI) showed better reclassification
performance of our model. Thus, these results indicate that the
predictive accuracy of our model is significantly improved over
previous models, as shown in Supplementary Table 3.

4 Discussion

Sepsis continues to be a critical concern in modern medicine,
demanding urgent attention. If left unchecked, it can escalate into
MODS, significantly increasing patient morbidity and mortality
(21). Liver failure is an important aspect of septic MODS and
usually portends a poor prognosis (22, 23). Despite advances in
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TABLE 1 Patients’ baseline characteristics.

Variables Survival (n = 673) Non-survival (n = 261) P-value

General features

Gender, woman (%) 414 (61.5) 155 (59.4) 0.601

BMI (kg/m2) 27.40 (23.46, 31.47) 27.92 (24.22, 32.26) 0.105

Age (year) 76.12 (69.24, 83.68) 75.71 (69.21, 82.51) 0.371

Comorbidity, n (%)

MI, n (%) 137 (20.4) 66 (25.3) 0.121

CPD, n (%) 160 (23.8) 66 (25.3) 0.69

PUD, (%) 30 (4.5) 10 (3.8) 0.807

DM, n (%) 194 (28.8) 65 (24.9) 0.263

RD, n (%) 202 (30.0) 96 (36.8) 0.056

MC n (%) 158 (23.5) 68 (26.1) 0.459

Vital signsa

Heart rate (min-1) 87.37 (75.79, 99.00) 96.00 (81.86, 111.54) < 0.001

SBP (mmHg) 109.28 (102.33, 118.91) 102.28 (94.79, 110.77) < 0.001

DBP (mmHg) 59.73 (54.50, 66.83) 57.88 (51.62, 63.29) < 0.001

MBP (mmHg) 74.17 (69.42, 79.83) 70.52 (65.92, 76.04) < 0.001

Resperate (min-1) 20.63 (18.02, 23.30) 22.42 (19.24, 25.46) < 0.001

Temperature (◦C) 36.70 (36.50, 36.97) 36.65 (36.27, 36.91) < 0.001

Laboratory testsb

HB (g/dl) 10.15 (8.70, 11.75) 9.75 (8.50, 11.60) 0.138

HCT (%) 31.05 [26.60, 35.90] 31.10 [26.50, 36.65] 0.627

PLT (109) 148.50 (104.00, 206.50) 159.50 (103.00, 223.50) 0.293

WBC (109) 13.55 (8.45, 19.15) 14.35 (9.65, 19.80) 0.129

L (109) 0.72 (0.44, 1.13) 0.78 (0.44, 1.29) 0.099

M (109) 0.56 (0.30, 0.87) 0.65 (0.34, 1.20) 0.013

N (109) 11.04 (6.82, 17.08) 11.64 (7.39, 17.61) 0.518

ALB (g/dL) 3.00 (2.60, 3.40) 2.70 (2.35, 3.10) < 0.001

AG (m Eq/L) 15.50 (13.50, 18.00) 20.00 (16.50, 25.00) < 0.001

BUN (mg/dL) 29.00 (19.00, 42.50) 44.00 (28.00, 64.50) < 0.001

Cr (µmol/L]) 1.35 [0.95, 1.95] 2.05 [1.45, 3.05] < 0.001

Glucose (mg/dl) 129.50 (105.50, 163.50) 141.50 (108.50, 194.00) 0.001

Sodium (mmo/l) 138.00 (134.50, 140.50) 137.00 (134.00, 141.00) 0.132

Potassium (mmol/l) 4.10 (3.75, 4.55) 4.60 (4.15, 5.10) < 0.001

Fibrinogen (g/L) 384.50 (252.50, 519.50) 298.00 (195.00, 431.50) < 0.001

PT (s) 18.65 (16.75, 23.50) 23.15 (17.90, 33.80) < 0.001

PTT (s) 35.95 (31.05, 44.75) 43.20 (35.20, 60.45) < 0.001

ALT (U/L) 84.00 (33.00, 199.50) 113.00 (42.50, 402.50) < 0.001

ALP (U/L) 156.00 (84.50, 288.00) 146.00 (88.50, 273.50) 0.994

AST (U/L) 117.50 (51.00, 228.15) 219.00 (84.00, 807.00) < 0.001

LDH (U/L) 321.00 (229.50, 528.00) 749.00 (399.00, 1656.00) <0.001

LAC (mmol/L) 2.65 [1.80, 4.25] 5.00 [3.20, 9.60] < 0.001

PH 7.40 (7.35, 7.47) 7.36 (7.29, 7.43) < 0.001

PO2 (mmHg) 153.00 (105.00, 248.00) 154.00 (108.00, 297.00) 0.274

PCO2 (mmHg) 40.00 (34.00, 46.00) 43.00 (34.00, 52.00) 0.006

(Continued)
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TABLE 1 (Continued)

Variables Survival (n = 673) Non-survival (n = 261) P-value

spo2_mean (%) 96.84 (95.58, 98.12) 95.93 (94.23, 97.63) < 0.001

Glucose/potassium 31.71 (25.38, 39.47) 30.21 (24.21, 42.63) 0.687

NLR 14.91 (8.14, 27.32) 13.91 (7.44, 25.27) 0.24

PLR 210.01 (120.55, 360.76) 180.93 (102.53, 323.16) 0.049

ALT/ALP 0.47 (0.21, 1.21) 0.74 (0.26, 3.18) < 0.001

APRI 0.80 (0.36, 1.85) 1.80 (0.59, 5.69) < 0.001

PNR 14.03 (8.89, 22.50) 13.22 (7.67, 21.69) 0.465

NAR 3.80 (2.15, 5.74) 4.16 (2.53, 6.66) 0.044

SIRI 7.99 (3.37, 18.23) 9.44 (3.12, 23.29) 0.375

Severity score

SAPS II 46.00 (38.00, 55.00) 65.00 (56.00, 74.00) < 0.001

SIRS 3.00 (2.00, 3.00) 3.00 (3.00, 4.00) < 0.001

SOFA 4.00 (3.00, 6.00) 5.00 (4.00, 8.00) < 0.001

GCS 15.00 (14.00, 15.00) 15.00 (13.00, 15.00) 0.845

Treatment measures

CRRT, n (%) 23 (3.4) 37 (14.2) < 0.001

Vasopressor (µg/kg) 1.28 (0.38, 3.48) 3.81 (1.10, 10.26) < 0.001

Ventilator, n (%) 214 (31.8) 171 (65.5) < 0.001

aVital signs were calculated as mean value during the first 24 h since ICU admission of each included patients. bThe laboratory tests recorded the worst value during the first 24 h since ICU
admission of each included patients. BMI, body mass index; PLT, blood platelets; L, lymphocyte; M, monocyte; N, neutrophil; SBP, systolic blood pressure; DBP, diastolic blood pressure; MBP,
mean arterial pressure; SAPS II, Simplified Acute Physiology Score II; SOFA, Sequential Organ Failure Assessment; SIRS, Systemic Inflammatory Response Syndrome; GCS, Glasgow Coma
Scale; HCT, hematocrit; HB, hemoglobin; WBC, white blood cell counts; ALB, albumin; LDH, lactic dehydrogenase; LAC, lactate; AG, anion gap, Cr, creatinine; BUN, blood urine nitrogen;
ALT, alanine transaminase; AST, aspartate transaminase; ALP, alkaline phosphatase; PT, prothrombin time; PTT, activated partial thromboplastin time; SpO2, peripheral capillary oxygen
saturation; NLR, neutrophil-to-lymphocyte ratio; PLR, platelet-to-lymphocyte ratio; ALT/ALP, alanine transaminase-to-alkaline phosphatase ratio; APRI, aspartate transaminase-to-platelets
ratio; PNR, platelet-to-neutrophil ratio; NAR, neutrophil-to-albumin ratio, SIRI, systemic inflammatory response index; CRRT, continuous renal replacement therapy; PUD, peptic ulcer
disease; CPD, chronic pulmonary disease; MI, myocardial infarct; RD, renal disease; MC, malignant cancer, DM, diabetes.

FIGURE 2

Lasso regression screening of prognostic model predictor variables: (A) The selection process of the most appropriate λ in the lasso model;
(B) Lasso coefficient curves.

treatment, mortality rates continue to rise progressively, a problem
further exacerbated by the significant aging of today’s population
(24). Therefore, it is essential to assess the mortality of elderly SALI
patients admitted to the ICU.

This study primarily utilized the MIMIC database to evaluate
the incidence and progression of mortality in SALI patients
following their admission to the ICU. Lasso regression analysis
was employed to identify independent risk factors associated with
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FIGURE 3

Construction of nomograms.

TABLE 2 Multivariate logistic analysis.

Variables OR 95% CI P-value

Lower Upper

ALB 0.485 0.359 0.655 < 0.001

AG 1.188 1.144 1.234 < 0.000

ALT/ALP 1.070 1.013 1.130 0.015

APRI 1.012 0.968 1.057 0.046

Ventilator 1.013 1.006 1.020 < 0.001

PTT 0.382 0.270 0.539 < 0.001

OR, odds ratio; CI, confidence interval; ALB, albumin; AG, anion gap; ALT/ALP, alanine
transaminase-to-alkaline phosphatase ratio; APRI, aspartate transaminase-to-platelets ratio;
PTT, activated partial thromboplastin time; PTT, activated partial thromboplastin time.

ICU mortality in these patients. Ultimately, six clinical variables of
ALB, AG, PTT, ALT/ALP, APRI and mechanical ventilation were
determined by the construction of the model.

Albumin has binding, translocation, and detoxification of
endogenous and exogenous molecules, killing effects, antioxidant
activity, and modulation of immune and inflammatory responses
(25, 26). The mechanisms of SALI are unknown, and previous
studies have shown that cytokine-induced inflammation and

mitochondrial oxidative stress are key factors contributing to SALI
(27). Previous studies have shown that ALB reduces the release
of cytochrome c from mitochondria by inhibiting the leakage of
the cysteine protease histone B from lysosomes while reducing
the release of cytochrome c from mitochondria, concluding that
ALB not only protects hepatocytes from the cytotoxic effects of
the cytokine TNFα but also prevents inflammatory mediators
from further damaging tissues (28). Evidence-based indications
for albumin administration in clinical guidelines are primarily
liver disease (29). In patients with sepsis or septic shock who
remain hemodynamically unstable after resuscitation with 30 ml/kg
crystalloid, albumin infusion may be considered clinically for
further treatment. It can be added to a large crystalloid infusion
rather than used alone for crystalloid therapy (30, 31). In
conclusion, when the concentration of ALB in the patient’s body
decreases, the mortality rate of the patient will increase, and
our modeling further validates that ALB has a strong ability for
the prognosis of the patients, and further by strengthening the
management of the patient in terms of ALB.

Anion gap is a comprehensive outcome indicator determined
by the measured anion and cation concentrations (32). However,
AG is also significantly affected by ALB levels (33). In the setting
of severe sepsis, the development of hyperlactatemia can trigger
a high AG metabolic acidosis. Previous studies have shown that
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FIGURE 4

Area under the three curves for nomogram, Simplified Acute Physiology Score II (SAPS II), and Sequential Organ Failure Assessment (SOFA):
(A) Training set; (B) Validation set.

FIGURE 5

Calibration curve: (A) Training set; (B) Validation set.

AG in early ICU admission is one of the risk factors for the
outcome of sepsis patients (34). In this study, AG variables
were included through lasso review to predict the mortality of
patients admitted to the ICU, and the effect of ALB on AG was
considered, so after screening ALB was also used as a part of the
model, which complemented the previous study and thus predicted
in several ways.

Alanine transaminase and ALP are sensitive indicators of liver
damage, and liver injury can cause elevated serum levels of ALT
and ALP (35). ALT is a specific marker of hepatocellular injury,
whereas bilirubin and PT-INR represent liver function (36). ALP
is an enzyme found primarily in the hepatobiliary tract and is
elevated in the cholestatic form of liver injury (37). However, mild
to moderate elevations of ALP are common in all types of hepatitis
are common, even in hepatocellular injury (36). The ALT/ALP

ratio, which combines both ALT and ALP, is more closely related to
the pathologic features of liver injury and changes in disease (38).
PLT is involved in sepsis combined with multiorgan dysfunction
by regulating inflammation, tissue integrity, and defense against
infection (39). Studies have shown that APRI is a good predictor
of SALI in children that platelets accumulate in the liver when the
body is attacked by inflammatory cytokines, leading to liver injury
and a decrease in platelet counts in the peripheral blood, and that
platelets can influence the regeneration of damaged liver tissue (40).
Previous studies have shown that two novel indicators, ALT/ALP
and APRI, can be good predictors of SALI, but in the modeling
developed in this study, both accounted for a small proportion of
the modeling, which may be related to the fact that we did not
include enough sample sizes of the elderly. Secondly, ALT and
ALP may increase simultaneously in liver injury, resulting in no

Frontiers in Medicine 08 frontiersin.org

https://doi.org/10.3389/fmed.2025.1516853
https://www.frontiersin.org/journals/medicine
https://www.frontiersin.org/


fmed-12-1516853 March 22, 2025 Time: 14:15 # 9

Hu et al. 10.3389/fmed.2025.1516853

FIGURE 6

Nomogram, Simplified Acute Physiology Score II (SAPS II), and Sequential Organ Failure Assessment (SOFA) clinical decision curves: (A) Training set;
(B) Validation set.

significant difference in their ratios, and the P-value of APRI tends
to be close to 0.05 when predicting SALI alone at the beginning
of the modeling, which means that it does not have a significant
meaning when predicting alone. Therefore, the weighting of the
scores in the modeling was not high, which means that we need
to include more cases in the future to explore the predictive value
of APRI for SALI.

Common complications at the onset of severe sepsis include
coagulation abnormalities and liver injury. Overall coagulation
indices such as PTT and prothrombin time are generally used
in the clinical setting, and a single index may reflect only
part of the coagulation system (41). DCIs that occur when
there is decreased production of coagulation factors associated
with hepatocellular injury or sepsis-associated coagulation
abnormalities can exacerbate the depletion. Studies have shown
that a longer PTT may reflect the most severe sepsis due to
coagulation factor depletion or high-dose heparin therapy and
that a prolonged PTT is associated with higher mortality (42),
and PTT prolongation is also an important marker of severe
hyperfibrinolysis (43). This is consistent with our study. As the
PTT value prolongs, the percentage of PTT increases, leading to
a gradual rise in patient mortality rates. The occurrence of SALI
further impacts the consumption of coagulation factors, resulting
in sepsis-related coagulation abnormalities. In severe cases, DIC
develops, accelerating patient mortality. These two conditions
exacerbate each other, so it is crucial to clinically monitor changes
in coagulation function when SALI occurs.

The last variable incorporated in our model is mechanical
ventilation. When a patient is in a critical situation, such as
respiratory failure, respiratory arrest, or oxygen desaturation,
clinical work is mostly done with a ventilator. Mechanical
ventilation is widely used in the management of septic patients
but is prone to complications. Ventilator-associated pneumonia,
a lung infection during mechanical ventilation, is the most
common nosocomial lung infection in intensive care patients.

Whereas sepsis itself, as a severe systemic inflammatory disease,
its combination with ventilator-associated pneumonia may lead
to deterioration of the patient’s condition and increase the risk of
death (44, 45).

Simplified Acute Physiology Score II and SOFA scores are
commonly used to evaluate the prognosis of patients in clinical
practice (5, 46), so the two variables are not included in the model
construction. In this study, SOFA and SAPS2 scores were used
to compare their performance with that of predictive models. We
found that nomogram performed the best. In addition, the DCA
curve supports this finding. Through the above comparison, it is
further shown that the efficiency of the constructed model is better.

Intensive care unit mortality in elderly SALI patients was the
endpoint of this study. Independent risk factors were screened
by lasso regression, and a risk prediction model was successfully
constructed based on these factors. Lasso regression analysis can
solve the problem of multicollinearity among variables and is
superior to univariate analysis. The nomogram constructed based
on the Lasso regression model has a certain reference value for
medical workers to visually analyze individual prognosis. As a
visual scoring tool suitable for clinical research, the nomogram
can synthesize various influencing factors and present their
results intuitively. Decision makers can formulate individualized
treatment plans to prolong survival based on the predicted risk
of death. Through the predictive model, doctors can find out
in advance whether a patient is likely to have a poor prognosis
and take appropriate measures to reduce the risk of mortality,
thus improving treatment outcomes, lowering healthcare costs, and
enhancing patients’ quality of life.

5 Strengths and limitation

By establishing a robust predictive model, clinicians can
proactively identify health issues at an early stage, thereby
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improving both treatment efficacy and the overall quality of life for
patients. However, it is crucial to recognize the limitations inherent
in this study. Firstly, it relies on a single-center retrospective
analysis, and the findings require validation through prospective
cohort studies. Secondly, despite the approach of randomly
dividing the data into training and validation sets, and the highly
reliable models produced during the development process, the
generalizability of the models is still limited by the lack of external
validation of the centralized dataset. This limitation emphasizes
the need for further evaluation of its stability and applicability.
Lastly, while this analysis focused on 934 elderly patients, future
research would benefit from multi-center approaches and larger-
scale validations to enhance both stability and performance.

6 Conclusion

We successfully constructed a model of in-ICU mortality of
SALI elderly patients. The nomogram created based on the above
factors assessed the risk of death in patients, which is of great
informative value and clinical applicability.
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