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ARTICLE INFO ABSTRACT

Keywords: Objective: The objective of this study is to develop and validate an effective prognostic nomogram
Prognosis for predicting the short-term survival rate of patients with acute heart failure (AHF) complicated
Nomo‘i;lram by acute kidney injury (AKI) who are admitted to the intensive care unit (ICU).

iLILrIVEl ance Patients and methods: We conducted an analysis of data from patients of AHF with AKI spanning

the period from 2008 to 2019, utilizing the MIMIC-IV database. Patients were randomly divided
into training and validation sets. The training set employed the least absolute shrinkage and
selection operator regression model to identify predictors of AKI. Subsequently, a dynamic
nomogram was constructed using multivariate Cox regression analysis within the training set and
was subsequently validated using the validation set. The nomogram’s predictive accuracy, cali-
bration, and clinical utility were evaluated through the concordance index (C-index), calibration
plots, and decision curve analysis (DCA).

Results: A total of 978 AHF patients with AKI were analyzed. Multivariate analysis identified
serum creatinine, race, age, use of human albumin, use of vasoactive drug, and hemoglobin as
independent predictors significantly influencing the short-term prognosis of AHF patients with
AKI upon ICU admission. The C-index for the training and validation sets were 0.81 (95%CI:
0.74-0.87) and 0.80 (95 % CI: 0.67-0.92), respectively. The calibration plot of the nomogram
demonstrated a close alignment between predicted and observed probabilities. Furthermore, the
DCA confirmed the clinical utility of the nomogram.

Conclusions: This study presents a dynamic nomogram that incorporates clinical risk factors and
can be conveniently utilized to predict short-term prognosis for AHF patients with AKI upon ICU
admission.

Acute heart failure

1. Introduction

Acute heart failure (AHF) is a clinically significant condition marked by the abrupt onset or exacerbation of heart failure symptoms
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and signs, necessitating immediate medical intervention. The rising incidence of AHF-related hospitalizations, particularly attributable
to an aging population, has escalated this condition to a major public health issue [1-3]. It is crucial to acknowledge that acute kidney
injury (AKI) frequently coexists with AHF, resulting in the manifestation of cardiorenal syndrome type 1 (CRS1). This comorbidity is
linked to extended hospital stays and increased mortality rates [4,5]. Over 20 % of patients with AHF experience the development of
AKI during hospitalization, which is associated with an increased 1-2 weeks risk of death in this population [6-8]. Therefore, the early
identification and management of risk factors in patients with AHF concomitant with AKI can delay disease progression and enhance
survival rates.

Despite the high incidence of AKI in patients with AHF and its association with adverse outcomes, there remains a paucity of
research examining the prognostic determinants within this population [7]. In recent years, the interrelationship cardiac and renal
pathologies, particularly in the context of heart failure, has undergone significant reevaluation. Advances have been made in the
domains of disease recognition, risk stratification, and public awareness regarding this complex syndrome. Unfortunately, current
treatments for heart failure demonstrate inconsistent efficacy, and there is a notable deficiency in evidence-based and effective
therapeutic options for heart failure patients with concurrent deteriorating kidney function [9]. This issue may stem from the absence
of a reliable method for clinicians to accurately identify patients with AHF who are at high risk of poor prognosis due to AKI [7].
Therefore, the development of a prognostic model to identify AHF patients with AKI who are likely to experience poor outcomes is
critically needed.

Nomograms provide a robust method for generating an easily interpretable graphical representation of statistical predictive
models, facilitating in the evaluation of clinical outcomes [10,11]. This study seeks to develop a prognostic nomogram to accurately
and efficiently predict the 14-day survival rate following ICU admission of AHF patients with AKI with accuracy and efficiency. The
objective is to elucidate the probability of adverse short-term outcomes and to offer guidance for the management and prevention of
AHF patients with AKI.

2. Patients and Methods

The methodologies outlined in this article adhere to the principles set forth in the Transparent Reporting of a Multivariable Pre-
diction Model for Individual Prognosis or Diagnosis (TRIPOD) statement [12].

2.1. Database

Data for the study was obtained from the publicly accessible MIMIC-IV database (version 2.2), a comprehensive critical care
database based in the United States [13]. The database includes clinical data from 299,712 patients and 431,231 admissions at Beth
Israel Deaconess Medical Center between 2008 and 2019, capturing detailed information on patient demographics, laboratory tests,
medications, vital signs, surgical procedures, disease diagnoses, drug management, and follow-up survival outcomes.

2.2. Participants

The study’s inclusion criteria consisted of adult patients aged 18 and older admitted to the intensive care unit (ICU) for AHF,
including acute systolic and/or diastolic heart failure. Exclusion criteria encompassed patients with stage 5 chronic kidney disease
(CKD), patients who had undergone hemodialysis or continuous renal replacement therapy prior to ICU admission. AHF was deter-
mined based on the primary discharge diagnosis codes recorded during hospitalization, specifically ICD-9 codes 42821, 42823,
42831,42833, 42841, and 42843, as well as ICD-10 codes 15021, 15023, 15031, 15033, 15041, 15043.Patients were allocated into groups
using a pre-seeded random number generator (123) in R software version 4.3.3 and then divided into training and validation sets at a
ratio of 7:3.

2.3. Data collection

Data extraction was performed using PostgreSQL tools (version 11.22) to retrieve a variety of information about AKI when is
admitted to the ICU. The extracted data encompassed patient demographics (age and sex), laboratory variables, chronic medical
conditions, comorbidities, mechanical ventilation records, the time of AKI onset, and drug administration. Specifically, laboratory
variables such as hemoglobin (Hb), glucose, serum creatinine (Scr), and albumin (Alb) were extracted and analyzed at the time of AKI
occurrence. The study population exhibited a range of chronic medical conditions, including chronic obstructive pulmonary disease
(COPD), CKD, diabetes, chronic liver disease, and hypertension. Additionally, comorbidities such as acute pancreatitis and sepsis were
identified through recorded ICD-9 or ICD-10 diagnostic codes in the MIMIC-IV database. Treatment protocols for patients included the
administration of vasoactive drugs, diuretics, aminoglycosides, and human albumin.

2.4. Missing data handling

The MIMIC-IV database exhibits a notable prevalence of missing data, which raises concerns regarding the potential bias intro-
duced by the exclusion of patients with incomplete records. To address this issue, a comprehensive assessment of all variables utilized
in the analyses was performed, revealing that less than 10 % of the data were missingacross the dataset. Consequently, imputation
techniques were employed to address the missing values: means were used for continuous variables with normal distributions while
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medians were applied for those exhibiting skewed distributions [14]. Furthermore, our study also did not include any missing
dichotomous variables.

2.5. Definitions and outcome

The primary outcome analyzed in this study was mortality post-ICU admission. Survival status refers to whether the patient sur-
vives or dies following admission to the ICU. The Kidney Disease Improving Global Outcomes (KDIGO) criteria were employed for the
definition of AKI [15]. Vasoactive medications, diuretics, and aminoglycosides were categorized based on their administration to
patients during their stay in the ICU for any medical indication. The Triglyceride glucose (TyG) index was calculated using the formula:
Ln (Triglycerides [mg/dl] x Glucose [mg/dl]/2) [16].

2.6. Statistical analysis

Statistical analyses were performed utilizing SPSS version 26.0 (IBM Corp, Armonk, NY, USA) and R (version 4.2.1, https://www.r-
project.org/). Two-sided P values were employed, with a significance level set at P < 0.05. Descriptive statistics for continuous
variables included mean + SD, median (interquartile range), or range, depending on their distribution, while categorical variables
were presented as percentages.

In some cases, statistical analyses such as t-tests or Wilcoxon rank sum tests were utilized for continuous variables, with chi-square
tests being employed for comparing categorical variables. To enhance the interpretability and accuracy of predictions, least absolute
shrinkage and selection operator(LASSO) regression analysis was conducted to select and regularize factors associated with the
prognosis of AHF patients with AKI within the training set [17]. Subsequently, predictors of prognosis in AHF with AKI were identified
by subjecting the variables selected from the LASSO regression analysis to further scrutiny using multivariate Cox regression model.

The prognostic nomogram was developed utilizing data derived from multivariate Cox regression analysis, as referenced in a
previous study [18]. The predictive capability of the nomogram for estimating the 14-day survival probability from ICU admission in
patients with AHF and AKI was assessed in both the training and validation cohorts. The Harrell’s concordance index (C-index) was
used to evaluate the discrimination of the prediction model. The Bootstrap method was used to draw the calibration curve, and the
closer the slope is to 1, the higher the accuracy of the prediction model. The Brier score was also calculated to evaluate the calibration
degree of the model, and the better the calibration of the model with a Brier score close to 0 [19]. The clinical utility of the nomogram
was further assessed through decision curve analysis (DCA) [20].

3. Results
3.1. Characteristics of patients in the training and validation sets

The flowchart illustrating the cohort selection process is shown in Fig. 1. A total of 978 patients diagnosed with AHF complicated by
AKI was analyzed, with 289 patients assigned to the validation set and 689 patients to the training set (Fig. 1). The demographic and

clinical characteristics of the training and validation sets were comparable, as outlined in Table 1. Thereby supporting their combined
use for model development and validation. Within the training set, the duration of hospital stays varied from 1 to 83 days (median: 9

| MIMIC-IV database patients from 2008-2019 |

Inclusion criteria :

1. Age 2 18 years.

2. Patients admitted to the ICU for acute heart failure,
including acute systolic and/or diastolic heart failure.

Acute heart failure patients
(n=1067) Exclusion criteria :
1. patients with stage 5 chronic kidney disease (n=73).

2. patients who had undergone hemodialysis or
continuous renal replacement therapy prior to ICU
admission(n=16).

Inclusion in final analysis(n=978) |

N Random grouping (7:3) |

Training set (n=689) Validation set (n=289)

Fig. 1. Flow chart showing the patient selection for the study.
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days), 83 patients (12 %) succumbed, and the 14-day cumulative survival rate was 91.3 %. The validation set demonstrated hospital
stays ranging from 1 to 52 days, with a median duration of 10 days, Among the patients, 33(11.4 %) individuals experienced mortality,

and the cumulative survival rates at 14 days was observed to be 90.7 %.

3.2. Dynamic nomogram development

We utilized LASSO regression analysis to refine the initial set of 22 variables in the training dataset, ultimately identifying 13

Table 1
Characteristics of patients in the training and validation sets.
variable training set (n = 689) validation set (n = 289) p value
Survival status,n (%)
Survival 606 (88.0) 256(88.6) 0.866
Dead 83 (12.0) 33(11.4)
Survival time, days (median [IQR]) 9 (5,14) 10(6,16) 0.023
Race (%)
White 459 (66.6) 206(71.3)
Black 132 (19.2) 48 (16.6) 0.361
Other 98 (14.2) 35 (12.1)
Sex,n (%)
Female 336 (48.8) 137 (47.4) 0.750
Male 353 (51.2) 152 (52.6)
Age,years 74 (63, 83) 76 (64, 86) 0.090
CKD,n (%)
No 586 (85.1) 243 (84.1)
Yes 103 (14.9) 46 (15.9) 0.774
COPD,n (%)
No 664 (96.4) 279 (96.5) 1.000
Yes 25 (3.6) 10 (3.5)
Coronary,n (%)
No 607 (88.1) 247 (85.5) 0.306
Yes 82 (11.9) 42 (14.5)
T2DM,n (%)
No 605 (87.8) 260 (90.0 %) 0.394
Yes 84 (12.2) 29 (10.0)
Hypertension,n(%)
No 533 (77.4) 231 (79.9) 0.422
Yes 156 (22.6) 58 (20.1)
Sepsis,n(%)
No 459 (66.6) 196 (67.8 %) 0.772
Yes 230 (33.4) 93 (32.2)
Chronic liver disease,n(%) 685 (99.4) 0.377
No 4 (0.6) 4149
Yes
Use of human albumin,n(%)
No 628 (91.1) 264 (91.4) 1.000
Yes 61 (8.9) 25 (8.7)
Acute pancreatitis,n(%)
No 689 (100.0) 288 (98.7) 0.654
Yes 0 (0.0) 1(0.3)
Use of diuretic,n(%)
No 552 (80.1) 231(79.9 %) 1.000
Yes 137 (19.9) 58 (20.1)
Use of vasoactive drug,n(%)
No 426 (61.8) 180 (62.3) 0.951
Yes 263 (38.2) 109 (37.7)
Mechanical ventilation,n(%)
No 161 (23.4) 74 (25.6) 0.506
Yes 528 (76.6) 215 (74.4)
Use of aminoglycosides,n(%)
No 634 (92.0) 272 (94.1) 0.311
Yes 55 (8.0) 17 (5.9)
Hemoglobin, g/L (median [IQR]) 105 (98, 111) 105 (97, 111) 0.857
Scr, ummol/L (median [IQR]) 185.6 (123.8, 282.9) 176.8 (123.8274.0) 0.387
BUN, mmol/L (median [IQR]) 11 (8,19) 12 (8,19) 0.305
Alb, g/L (median [IQR]) 36 (32, 40) 36 (33, 39) 0.968
TyG index (median [IQR]) 8.9(8.7,9.1) 8.9(8.6,9.1) 0.920

Note: Survival status refers to whether the patient survives or dies following admission to the ICU. COPD, chronic obstructive pulmonary disease;
CKD, chronic kidney disease; T2DM, Type 2 diabetes; ALB, albumin; BUN, Blood urea nitrogen; TyG index, triglyceride glucose index; IQR, inter-

quartile range.
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potential predictors pertinent to the prognosis of AHF patients with AKI (Fig. 2A and B). The predictors identified by LASSO regression
analysis, with an optimal lambda value of 0.01288339, are detailed in Table 2. Following this selection, the variables were subjected to
further scrutiny through univariate and multivariate Cox regression analyses.

In the final statistical analysis, 6 predictors associated with prognosis were identified. These predictors include Scr (OR,95%CI: 1.4
[1.16,1.7]), race (OR,95%CI: 0.3 [0.1, 0.7] for Black vs. White and 0.4 [0.2, 0.9] for Other vs. White), age (OR,95%CL: 1.5 [1.0,1.9]),
use of human albumin (OR,95%(CI: 0.3 [0.1, 0.8]), use of vasoactive drug (OR,95%CI: 2.5 [1.6, 4.0]), and hemoglobin levels (OR,95%
CI: 1.2 [1.1, 1.4]).

The nomogram illustrated in Fig. 3A presents a model that integrates six independent predictors and is accessible online (https://
dynamicnomogram6666.shinyapps.io/AHF-AKI-prognosis/), with a screenshot provided in Fig. 3B. To employ the interactive online
nomogram, users are required to select "Yes" or "No" for the relevant options, input the necessary laboratory test results, and subse-
quently click " Predict survival probability" to determine 14-day survival probability for patients of AHF with AKI during their ICU stay.

3.3. Nomogram performance in training set

The C-index of the prediction nomogram for the 14-day survival rate was determined to be 0.81 (95%CI: 0.74-0.87) in the training
set. The calibration curve, as depicted in Fig. 4A, demonstrates a satisfactory concordance between the predicted and observed out-
comes for the probability of AHF with AKI in the training set, with a calibration slope of 0.93, and a Brier score of 0.141.

3.4. Nomogram performance in validation set

The C-index for the nomogram predictions is 0.80 (95 % CI: 0.67-0.92), demonstrating good discriminatory ability within the
validation set. Furthermore, the calibration of 14-day survival rates for AHF patients with AKI in the validation cohort was also found
to be satisfactory, with a calibration slope of 0.91, and a Brier score of 0.092 (Fig. 4B).

3.5. Clinical use of the nomogram

The was employed to assess the benefits associated with various risk thresholds and to evaluate the potential clinical utility of the
nomogram (Fig. 5). The DCA curve demonstrated that applying a threshold probability for the nomogram to predict a 14-day survival
probability within the range of 14 %-65 % could yield clinical advantages. The nomogram consistently exhibited a higher net benefit
across a wide spectrum of risk thresholds compared to the strategies of classifying all patients as either high risk or low risk of death.

A B

20 19 16 9 2 20 20 20 19 19 19 18 18 17 16 13 11 8 6 4 4 2 2 1 1 0

1.0

Coefficients
Partial Likelihood Deviance

° .
o .
) = 11
// co-.... .'
ity e o ""--.... _o'
£ /7/// T11tted004t0iddett
o
e
o
=
T T T T T T T T T T
-7 -6 -5 -4 -3 -7 -6 -5 -4 -3
Log Lambda Log(%)

Fig. 2. Lasso Regression Path and Cross-Validation for Predictors Selection (A) Lasso coefficient profiles of the 22 predictors. Each curve corre-
sponds to a predictor, displaying the path of its coefficient against the log of the regularization parameter lambda (). As ) increases (moving from
left to right), the coefficients shrink towards zero, demonstrating the effect of lasso regularization on the predictor variables. The optimal A min-
imizes the prediction error by finding a balance between bias and variance. (B) Cross-validation results for selecting the optimal A. The plot shows
the mean squared error (MSE) on the y-axis and log()) on the x-axis. Each red dot represents the MSE for a given A value, with error bars indicating
the standard error of the MSE. The vertical dotted lines represent the lambda values at minimum MSE (left line) and the one-standard-error rule
(right line). The optimal A selected by cross-validation is used to achieve the best predictive performance while maintaining model simplicity. (For
interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)
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Table 2
Multivariate COX regression analyses of variables relating to prognosis in the training
set.
Variable OR (95 % CI) P-value
Age 1.5 (1.0,1.9) <0.001
Scr 1.4 (1.16,1.7) <0.001
Hemoglobin 1.2(1.1,1.4 0.008
Alb 0.8 (0.6, 1.1) 0.247
TyG index 0.9 (0.7,1.1) 0.246
Race
White Reference
Black 0.3 (0.1, 0.7) 0.007
Other 0.4 (0.2, 0.9) 0.033
Sex
Female Reference
Male 0.9 (0.6,1.4) 0.631
T2DM
No Reference 0.209
Yes 1.5 (0.8, 3.0)
Hypertension
No Reference
Yes 1.3(0.7,2.2) 0.381
Use of human albumin
No Reference 0.016
Yes 0.3 (0.1, 0.8)
Sepsis
No Reference
Yes 1.4 (0.8, 2.2) 0.208
Use of vasoactive drug
No Reference
Yes 2.5(1.6, 4.0) <0.001
Use of aminoglycosides
No Reference 0.374
Yes 1.4 (0.7, 3.0)

ALB, albumin; Scr, serum creatinine; T2DM, Type 2 diabetes; TyG index, triglyceride
glucose index.

4. Discussion

AKI frequently occurs in patients with AHF and is correlated with adverse outcomes. Furthermore, individuals suffering from both
AHF and AKI exhibit persistently elevated level of mortality rates [21]. Consequently, there is a critical need for a predictive model to
evaluate the prognosis of AHF patients with AKI, especially those admitted to the ICU. This study employed Cox regression analysis to
identify risk factors influencing short-term prognosis and developed a prognostic prediction model based on clinical parameters and
demographic characteristics of AHF patients with AKI at the time of ICU admission. The findings of our study indicate a significant
association between Scr, race, age, the use of human albumin, the use of vasoactive drug, and hemoglobin levels with adverse clinical
outcomes in patients with AHF complicated by AKI. The nomogram constructed based on these risk factors exhibits superior
discriminatory and calibration capabilities, as well as notable clinical utility. This predictive model holds promise for enhancing
prognostication in AHF patients with AKI and for informing personalized treatment decisions and monitoring strategies.

This study is significant due to its employment of a large cohort of ICU patients to develop a nomogram, that integrates a wide range
of variables known to impact the prognosis of AHF patients with AKI [7,22,23]. Our analysis identified that Scr, race, age, hemoglobin
levels, the administration of vasoactive drugs, and the use of human albumin were significantly associated with patient survival
outcomes. Scr, as a marker of renal function, is particularly important because its elevation generally indicates impaired kidney
function, which is frequently associated with poorer outcomes. Age, a thoroughly documented determinant of survival, indicates that
older patients generally exhibit reduced survival rates attributable to the cumulative impact of age-associated comorbidities. Addi-
tionally, low hemoglobin levels, which signify anemia, impair the body’s oxygen transport capacity, thereby exacerbating the prog-
nosis. The observed positive correlation between the administration of vasoactive drugs and improved prognosis likely underscores the
significance of prompt and efficacious management of circulatory failure. Patients who respond favorably to these medications often
attain hemodynamic stability consequently experiencing enhanced clinical outcomes. Notably, the administration of human albumin
was inversely correlated with survival rates. Patients who received albumin exhibited poorer outcomes compared to those who did not.
Although it is commonly believed that albumin administration may facilitate the alleviation and recovery of AKI [24], intravenous
albumin has been associated with an elevated incidence of pulmonary edema in certain patients [25,26]. Furthermore, the variable of
race revealed substantial disparities, with Black patients demonstrating the lowest survival probability and White patients exhibiting a
higher likelihood of survival. This observation may indicate underlying socioeconomic disparities, differences in healthcare access, or
other unmeasured factors contributing to these outcomes. These findings highlight the critical importance of individualized treatment
strategies and underscore the necessity for further research to address the underlying disparities in prognosis among diverse patient
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populations.
The etiology of AKI within the context of AHF involves a range of pathological alterations, such as prerenal azotemia, cardio-renal
syndrome, and acute tubular necrosis. However, heterogeneity of patient populations complicates the application of a standardized
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represents the ideal perfect calibration, where the predicted probabilities match the actual outcomes. (For interpretation of the references to colour
in this figure legend, the reader is referred to the Web version of this article.)

mechanism for assessing disease progression, as the significance and impact of each pathological process vary with clinical conditions
[27]. Despite the extensive documentation of factors associated with prognosis, there remains a significant lack of consensus on the
primary determinants of prognosis and a deficiency in reliable prognostic tools. The intricacy of the treatment process necessitates
ongoing modifications to treatment plans in response to fluctuations in the patient’s condition, thereby complicating the compre-
hensive evaluation of patient prognosis based solely on individual risk factors. Consequently, it is posited that exclusive reliance on
single prognostic factors may not yield precise individualized prognostic predictions. Clinicians must meticulously evaluate a spectrum
of prognostic factors when formulating the most suitable treatment protocol. Our nomogram, developed to predict the prognosis of
AHF patients with AKI, is congruent with the personalized medicine paradigm that is presently being prioritized in the medical
domain.

In patients with AHF, the management of AKI necessitates comprehensive testing for a broad spectrum of pathogenic factors and
the implementation of targeted therapeutic interventions [28]. Given the heterogeneous prognosis of AHF patients with AKI, accu-
rately predicting their survival probability is of paramount importance. However, most contemporary research focuses on the
development of single biomarkers or predictive models for the early diagnosis of AKI [7,22,23,29-31], which proves inadequate in
identifying patients with a poor prognosis AKI. Unlike most contemporary studies, our research accounted for patient heterogeneity
and integrated laboratory test results with clinical data of AHF patients during their ICU stay to develop a personalized prediction
model for the short-term survival probability of AKI patients. This approach provides a clinical basis for individualized treatment
strategies. To the best of our knowledge, this is the first study on constructing a short-term survival prognosis model based on lab-
oratory examination results, demographic information, and treatment medications for AHF patients with AKI. This model has the
potential to assist in identifying risk factors associated with an unfavorable prognosis for AHF patients with AKI during the initial
stages, thereby enabling timely intervention to improve short-term outcomes. Furthermore., the current study employed a large
sample size and LASSO regression to identify key independent predictors, while also accounting for correlations among dependent
predictors.

Ultimately, a nomogram should be utilized to ascertain the specific requirements for subsequent treatment or care. Although
discrimination and calibration are crucial for the accuracy of risk prediction, they do not fully capture the clinical implications
associated with any particular level of discrimination or degree of miscalibration [32-34]. Consequently, the clinical utility of
decision-making assisted by the nomogram was demonstrated by evaluating whether it led to improved patient outcomes. Given the
clinical heterogeneity, this study opted for decision curve analysis over multi-institutional prospective validation of the nomogram.
This innovative approach employs threshold probability to elucidate clinical outcomes, enabling the calculation of net benefit. Net
benefit is typically determined as the ratio of true positives to false positives, adjusted for the relative harm of false positives and false
negatives [21]. The decision curve analysis demonstrates that employing the nomogram for predicting 14-day survival and informing
treatment modifications in this study yields greater benefit compared to a strategy of treating all patients or withholding treatment.
This advantage is particularly evident when clinicians select a threshold probability between 14 % and 65 %. Additionally, we have
developed a web-based calculator to facilitate the computation of survival probabilities for AHF patients with AKI.
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clinical utility of the nomogram by plotting the net benefit against the threshold probability. The x-axis represents the threshold probability, which
is the probability at which a patient would opt for a particular treatment. The y-axis represents the net benefit, calculated by combining the true
positive and false positive rates. Blue line: Represents the net benefit of using the nomogram to predict 14-day survival. Red line: Represents the net
benefit if all patients were treated.Green line: Represents the net benefit if no patients were treated. The nomogram provides the highest net benefit
across 14 %-65 % of threshold probabilities compared to treating all or none, indicating its potential clinical value in guiding treatment decisions for
AHF patients with AKI. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)

The present study is subject to certain limitations. Firstly, the MIMIC-IV database, being a single-center, multi-ICU dataset, ne-
cessitates cautious interpretation of the results when generalizing to populations from different regions. Further research is required to
validate the model’s applicability across diverse settings. Secondly, as a retrospective study, the potential for bias cannot be completely
eradicated. Nonetheless, stringentinclusion criteria were employed to ensure that the control and case groups accurately represent
real-world scenarios. Finally, it is important to consider that an exclusive focus on baseline data may not adequately capture the impact
of subsequent treatments, such as continuous renal replacement therapy, on patient outcomes. Nevertheless, the ability to predict
short-term survival at the time of ICU admission remains clinically valuable for early risk stratification and decision-making prior to
the implementation of further interventions.

5. Conclusion

This study introduces a dynamic nomogram that considers clinical risk factors. and can be conveniently utilized to predict short-
term prognosis for AHF patients with AKI upon ICU admission.
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