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Abstract: Objective: To identify risk factors for heart failure (HF) within one year after percutaneous coronary in-
tervention (PCI) in patients with acute coronary syndrome (ACS) and to develop a predictive nomogram model. 
Methods: A retrospective analysis was performed on 492 patients with ACS treated at Suzhou Municipal Hospital 
between January 2020 and October 2023. Patients were divided into the HF group and the non-HF group accord-
ing to the occurrence of HF within one year after PCI. 70% of the cases were randomly assigned to the training set 
and 30% to the validation set. Univariate and multivariate logistic regression analyses were conducted to screen 
independent predictors, and a nomogram model was subsequently established. Model performance was evaluated 
using receiver operating characteristic (ROC) curves, calibration curves, and decision curve analysis (DCA). Results: 
Among the 492 patients, the incidence of HF within one year after PCI was 26.42% (n = 130). Logistic regression 
identified type 2 diabetes mellitus (T2DM), left ventricular ejection fraction (LVEF), lipoprotein(a) [LP(a)], B-type na-
triuretic peptide (BNP), and high-sensitivity C-reactive protein (Hs-CRP) as independent predictors of HF, with odds 
ratios of 5.756, 0.904, 1.427, 1.012, and 1.666, respectively (all P < 0.05). The model demonstrated excellent 
discrimination, with areas under the ROC curve of 0.946 in the training set and 0.958 in the validation set. DCA 
indicated that the model provided greater net clinical benefit than the “treat-all” or “treat-none” strategies, and 
its predictive performance surpassed that of each individual factor (P < 0.05). Conclusion: The nomogram model 
incorporating T2DM, LVEF, LP(a), BNP and Hs-CRP provides an effective tool for predicting HF risk within one year 
after PCI in patients with ACS, offering valuable guidance for early clinical identification and risk stratification of 
high-risk individuals.
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Introduction

With the rapid development of the social econ-
omy and changes in lifestyle, particularly the 
acceleration of population aging and urbaniza-
tion, unhealthy behaviors have become increas-
ingly prevalent, leading to a continuous rise in 
the incidence of cardiovascular diseases (CVD) 
[1, 2]. According to data from the Global Burden 
of Disease Study, the age standardized inci-
dence rate of CVD among Chinese individuals 
aged 1-79 years increased from 646.2 to 652.2 

per 100,000 person-years between 1990 and 
2019 [3]. Acute coronary syndrome (ACS) refers 
to a spectrum of clinical conditions character-
ized by acute myocardial ischemia caused by 
thrombosis secondary to the rupture or erosion 
of unstable atherosclerotic plaques in the coro-
nary arteries. ACS represents an acute mani-
festation of coronary atherosclerotic heart dis-
ease [4-6]. Percutaneous coronary intervention 
(PCI) has become the preferred treatment for 
acute CVD because it can rapidly and effective-
ly restore blood flow in the infarct-related artery. 
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However, even when standard diagnostic and 
therapeutic strategies recommended by clini-
cal guidelines are strictly followed, some 
patients with ACS still experience major adverse 
cardiovascular events after PCI, among which 
heart failure (HF) is one of the most common 
complications [7].

The main clinical manifestations of HF include 
dyspnea, exercise intolerance, and fluid reten-
tion. As the condition progresses, patients may 
develop pulmonary congestion, shortness of 
breath, chest tightness, bilateral lower-limb 
edema, fatigue, dizziness, and other related 
symptoms. The development of HF after PCI 
not only leads to a significant increase in hospi-
tal readmissions and medical expenses but 
also severely impairs patients’ quality of life 
and reduces survival. Moreover, HF imposes 
substantial psychological and financial burdens 
on both patients and their families. Therefore, 
early identification and assessment of HF risk 
in patients with ACS after PCI are crucial for 
implementing timely and targeted interventions 
in high-risk individuals, thereby reducing the 
incidence of HF. Previous studies have indicat-
ed that the risk of post-PCI HF in ACS patients 
is influenced by multiple factors, including 
demographic characteristics, clinical features, 
biochemical markers, and structural as well as 
functional cardiac indices [8, 9]. Consequently, 
evaluating risk based solely on a single factor 
may not provide an accurate assessment of HF 
risk after PCI in patients with ACS.

A disease prediction model is a statistical  
or machine learning approach used to predict 
an individual’s or population’s future health  
status, disease risk, or disease progression. 
Machine learning algorithms commonly applied 
in clinical settings for prognostic modeling 
include linear regression, logistic regression, 
decision trees, support vector machines, gradi-
ent boosting, random forests, and neural net-
works [10, 11]. In the field of prognosis predic-
tion for patients ACS, several studies have 
employed machine learning algorithms to 
establish predictive models. For instance, 
Sherazi et al. [12] developed random forest, 
decision tree, and gradient boosting models  
to predict in-hospital mortality risk in ACS 
patients. Similarly, Qin et al. [13] constructed a 
nomogram based on clinical data from ACS 
patients and reported that the model achieved 

an area under the curve (AUC) of 0.837 for pre-
dicting the risk of reperfusion arrhythmia dur-
ing PCI. However, most existing studies have 
focused on short-term mortality or the risk  
of reinfarction after PCI, while predictive mod-
els for HF within one year post-PCI remain limit-
ed-particularly those integrating multidimen-
sional variables such as clinical characteristics, 
biochemical markers, and imaging parameters. 
Therefore, this study aimed to develop a logi- 
stic regression-based nomogram model to pre-
dict the one-year risk of HF in patients with ACS 
after PCI, with the goal of facilitating early  
identification of high-risk individuals and pro-
viding a reference for clinical decision-making.

Materials and methods

Study population

A total of 492 patients with ACS who under- 
went treatment at Suzhou Municipal Hospital 
between January 2020 and October 2023  
were included in this study. Inclusion criteria: 
(1) Diagnosis of ACS confirmed according to 
established clinical criteria; (2) Age ≥ 18 years; 
(3) First occurrence of ACS at the time of this 
admission; (4) Coronary angiography and PCI 
performed in accordance with current clinical 
guidelines; (5) Complete clinical data available, 
with a missing value rate ≤ 5%. Exclusion crite-
ria: (1) Receipt of thrombolytic therapy before 
admission; (2) Presence of severe complica-
tions after ACS, such as cardiac rupture or car-
diogenic shock, that could significantly affect 
survival; (3) Severe hepatic or renal dysfunction 
or ongoing dialysis treatment; (4) Severe sys-
temic diseases such as sepsis or septic shock; 
(5) Congenital heart disease, myocarditis, or 
cardiomyopathy; (6) Malignant tumors, severe 
autoimmune diseases, or other serious comor-
bidities affecting survival time. This study was 
approved by the Ethics Committee of Suzhou 
Municipal Hospital.

Sample size calculation

This study employed multivariate logistic re- 
gression analysis to identify factors associated 
with the occurrence of HF within one year after 
PCI in patients with ACS. According to the gen-
eral rule for logistic regression, the minimum 
required sample size should be at least 5-10 
times the number of independent variables 
included in the model. In this study, 32 poten-
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tial predictors were collected, indicating a mini-
mum required sample size of 160-320 cases. 
Considering the available patient data in our 
hospital, a total of 492 patients were ultimately 
included in the analysis.

Data collection

Clinical data of all enrolled patients were col-
lected, including the following categories: 1. 
General demographic information: sex, age, 
body mass index, smoking history, drinking  
history, type 2 diabetes mellitus (T2DM), hyper-
tension, and hyperlipidemia. 2. Echocardiogra- 
phic parameters: left atrial diameter, left ven-
tricular end-systolic dimension, left ventricular 
end-diastolic dimension, left ventricular ejec-
tion fraction (LVEF), and the number of dis-
eased coronary vessels. 3. Laboratory indica-
tors: (a) Hematologic values: white blood cell 
count, neutrophil count, hemoglobin, red cell 
distribution width, hematocrit, mean platelet 
volume, and platelet count. (b) Biochemical 
indexes: serum creatinine, blood urea nitrogen, 
aspartate aminotransferase, serum potassi- 
um, creatine kinase-MB (CK-MB), lipoprotein(a) 
[LP(a)], direct bilirubin, indirect bilirubin, tropo-
nin T, and B-type natriuretic peptide (BNP). (c) 
Coagulation and inflammatory markers: pro-
thrombin time and high-sensitivity C-reactive 
protein (Hs-CRP). 4. PCI-related parameters: 
operative duration and whether implantation 
was performed.

Grouping and model construction

Patients were categorized into the HF group 
and non-HF group according to the occurrence 
of HF within one year after PCI. Using the ran-
dom sampling function in RStudio software 
(version 4.5.1X; R Foundation for Statistical 
Computing, Vienna, Austria), all 492 patients 
were randomly divided into two subsets: 70%  
(n = 344) were assigned to the training set for 
model development, and the remaining 30% (n 
= 148) were assigned to the validation set  
for model performance evaluation. Univariate 
analysis was first performed in the training set 
to identify variables that showed significant dif-
ferences between the HF and non-HF groups. 
These significant variables were then entered 
into a multivariate logistic regression analysis, 
with the occurrence of HF as the dependent 
variable, to determine independent predictors. 
Based on the regression results, a nomogram 

was constructed to visualize the predictive 
model, displaying each variable, its correspond-
ing score, total score, and predicted risk of HF. 
The model’s performance was assessed using 
receiver operating characteristic (ROC) curves, 
calibration curves, and decision curve analysis 
(DCA) to evaluate discrimination, calibration 
accuracy, and clinical net benefit, respectively. 
The predictive performance of the nomogram 
was further compared with that of each indi-
vidual variable using ROC curve analysis.

Statistical analysis

All statistical analyses were performed using 
SPSS software (version 26.0; IBM Corp., 
Armonk, NY, USA) and R software (version 
4.2.1; R Foundation for Statistical Computing, 
Vienna, Austria). Continuous variables with a 
normal distribution were expressed as mean ± 
standard deviation, whereas non-normally dis-
tributed variables were presented as median 
(interquartile range). Differences between two 
groups were compared using the indepen- 
dent-samples t test for normally distributed 
data and the Mann-Whitney U test for non- 
normally distributed data. Categorical variables 
were expressed as frequency (%) and com-
pared using the chi-square test; ordinal cate-
gorical variables were analyzed using the  
rank-sum test. 70% of the total sample (n = 
492) was randomly assigned to the training  
set for model construction, while the remaining 
30% was used as the validation set to assess 
model performance. Model discrimination, cali-
bration, and clinical utility were evaluated  
using ROC curve analysis, calibration curves, 
and DCA, respectively. A two-sided P value < 
0.05 was considered significant.

Results

Baseline characteristics of the study popula-
tion

The study participants were randomly divided 
into training and validation sets in a 7:3 ratio. 
The training set included 344 patients with 
ACS, among whom 94 (27.33%) developed HF 
within one year after PCI. The validation set 
comprised 148 patients, of whom 36 (24.32%) 
developed HF. The baseline clinical characteris-
tics of patients in the two datasets are summa-
rized in Table 1. Statistical analysis revealed no 
significant differences in baseline characteris-
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Table 1. Baseline characteristics of the study population
Variable Training set (n = 344) Validation set (n = 148) χ2/t/Z P value
Sex, n (%) 0.052 0.820
    Male 206 (59.88) 87 (58.78)
    Female 138 (40.12) 61 (41.22)
Age (years) 0.006 0.939
    ≥ 65 229 (66.57) 98 (66.22)
    < 65 115 (33.43) 50 (33.78)
BMI (kg/m2) 23.28 ± 2.28 23.21 ± 2.36 0.329 0.742
Smoking history, n (%) 2.191 0.139
    Yes 143 (41.57) 51 (34.46)
    No 201 (58.43) 97 (65.54)
Drinking history, n (%) 0.608 0.436
    Yes 95 (27.62) 46 (31.08)
    No 249 (72.38) 102 (68.92)
T2DM, n (%) 0.276 0.599
    Yes 140 (40.70) 64 (43.24)
    No 204 (59.30) 84 (56.76)
Hypertension, n (%) 1.558 0.212
    Yes 151 (43.90) 56 (37.84)
    No 193 (56.10) 92 (62.16)
Hyperlipidemia, n (%) 0.029 0.865
    Yes 39 (11.34) 16 (10.81)
    No 305 (88.66) 132 (89.19)
LA (mm) 38.03 ± 6.46 38.27 ± 6.40 0.380 0.704
LVESD (mm) 38.21 ± 6.00 38.28 ± 7.26 0.118 0.906
LVEDD (mm) 51.10 ± 5.35 50.92 ± 4.99 0.349 0.727
LVEF (%) 59.24 ± 7.97 58.99 ± 8.12 0.307 0.759
Diseased vessels, n 1 (1, 2) 1 (1, 2) 0.534 0.593
WBC (×109/L) 11.14 ± 2.54 11.04 ± 2.60 0.367 0.714
NEUT (×109/L) 6.12 ± 1.33 6.18 ± 1.31 0.466 0.641
HGB (g/L) 145.80 ± 17.61 145.82 ± 17.34 0.016 0.987
RDW (%) 13.07 ± 0.74 13.11 ± 0.80 0.594 0.553
MPV (fL) 10.16 ± 1.55 10.22 ± 1.67 0.430 0.667
HCT (%) 43.50 ± 4.78 43.26 ± 4.65 0.499 0.618
PLT (×109/L) 272.20 ± 39.89 275.17 ± 37.36 0.773 0.440
Scr (μmol/L) 81.76 ± 10.92 81.71 ± 10.63 0.053 0.958
BUN (mmol/L) 6.12 ± 2.04 6.49 ± 3.15 1.551 0.122
AST (U/L) 44.95 (31.03, 88.60) 49.45 (31.75, 91.08) 0.625 0.532
K+ (mmol/L) 3.96 ± 0.55 3.97 ± 0.47 0.057 0.954
CK-MB (U/L) 31.09 (18.48, 66.38) 24.80 (15.50, 76.38) 0.649 0.516
LP(a) (mg/dL) 17.77 ± 4.04 17.83 ± 4.17 0.163 0.871
DBIL (μmol/L) 8.30 (6.60, 10.10) 8.3 (7.00, 10.48) 0.637 0.524
IBIL (μmol/L) 9.20 (6.80, 12.40) 9.10 (7.23, 11.38) 0.723 0.470
TnT (pg/mL) 41.25 ± 13.37 43.35 ± 12.80 1.621 0.106
BNP (pg/mL) 83.98 ± 12.43 82.21 ± 11.06 1.504 0.133
PT (s) 11.91 ± 2.27 11.76 ± 2.79 0.621 0.535
Hs-CRP (mg/L) 7.69 ± 1.85 7.39 ± 1.93 1.666 0.096
Procedure duration (min) 64.56 ± 11.70 64.95 ± 12.42 0.339 0.490
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Stent implantation, n (%) 0.002 0.965
    Yes 254 (73.84) 109 (73.65)
    No 90 (26.16) 39 (26.35)
Abbreviations: BMI, body mass index; T2DM, type 2 diabetes mellitus; LA, left atrial diameter; LVESD, left ventricular end-sys-
tolic dimension; LVEDD, left ventricular end-diastolic dimension; LVEF, left ventricular ejection fraction; WBC, white blood cell; 
NEUT, neutrophil; HGB, hemoglobin; RDW, red cell distribution width; HCT, hematocrit; MPV, mean platelet volume; PLT, platelet 
count; Scr, serum creatinine; BUN, blood urea nitrogen; AST, aspartate aminotransferase; K+, serum potassium; CK-MB, 
creatine kinase-MB; LP(a), lipoprotein(a); DBIL, direct bilirubin; IBIL, indirect bilirubin; TnT, troponin T; BNP, B-type natriuretic 
peptide; PT, prothrombin time; Hs-CRP, high-sensitivity C-reactive protein.

tics between the two sets (all P > 0.05), indicat-
ing good comparability.

Characteristics of patients with and without HF 
in the training set

In the training set, significant differences were 
observed between patients with and without 
HF in several variables, including T2DM, hyper-
lipidemia, LVEF, LP(a), BNP, and Hs-CRP (all P < 
0.05). The detailed clinical characteristics of 
the HF and non-HF groups are presented in 
Table 2.

Univariate and multivariate analyses

Variables that showed significant differences 
between the HF and non-HF groups were 
included as independent variables, with the 
occurrence of HF serving as the dependent 
variable. Univariate and multivariate logistic 
regression analyses were performed to identi- 
fy independent predictors of HF (variable 
assignments are presented in Table 3). Mul- 
tivariate logistic regression analysis revealed 
that T2DM, LVEF, LP(a), BNP and Hs-CRP were 
independent risk factors for HF within one year 
after PCI in patients with ACS. The correspond-
ing odds ratios were 1.506, 0.917, 1.438, 
1.082, and 1.735, respectively (all P < 0.05), as 
shown in Table 4.

Construction of the nomogram model

The results from the multivariate logistic re- 
gression analysis were visualized to develop 
the nomogram model, as shown in Figure 1. 
The nomogram consists of each independent 
factor and its corresponding scale, with each 
scale representing the score for that factor. 
Researchers can determine the score of an 
individual factor based on the patient’s specific 
characteristics. The total score for a patient is 
obtained by summing the individual scores of 

all relevant factors. The risk HF within one year 
after PCI can be calculated by drawing a verti-
cal line downward from the total score to the 
corresponding risk value on the risk axis. For 
example, for a patient with diabetes, an LVEF  
of 90%, an LP(a) level of 22 mg/dL, a BNP level 
of 350 pg/mL, and an Hs-CRP level of 7 mg/L, 
the total score is calculated as follows: 18 + 0 
+ 53 + 35 + 22.5 = 128.5, resulting in a risk 
value of less than 0.1.

Inspection of the nomogram model

ROC curve analysis was performed to assess 
the discrimination ability of the nomogram 
model in both the training set and validation 
set, as shown in Figure 2A, 2B. The AUC for  
the model in the training set was 0.946 (95% 
confidence interval [CI]: 0.925-0.967), and in 
the validation set, it was 0.958 (95% CI: 0.930-
0.986), both of which are > 0.9, indicating 
excellent discriminatory power. The calibration 
curves shown in Figure 3A, 3B demonstrate 
that the predictive accuracy of the model in 
both the training set and validation set aligns 
closely with the corrected prediction accuracy, 
indicating good calibration. As depicted in the 
DCAs in Figure 4A, 4B, based on the incidence 
rate of HF of 27.33%, the model demonstrated 
a higher net benefit than the “all” and “none” 
strategies across a range of threshold pro- 
babilities. In the training set, the net benefit of 
the model exceeded that of the “all” curve  
and the “none” curve across threshold proba-
bilities ranging from 1% to 100%. In the valida-
tion set, the model’s net benefit remained  
higher than the “all” and “none” curves within 
threshold probabilities of 1% to 95%. The “all” 
curve refers to the intervention strategy in 
which all patients receive treatment, regard- 
less of HF risk, leading to a decrease in net  
benefit as the threshold increases due to over-
treatment. The “none” curve refers to a strate-
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Table 2. Baseline characteristics of patients with and without HF in the training set
Variable HF group (n = 94) Non-HF group (n = 250) χ2/t/Z P value
Sex, n (%) 1.112 0.290
    Male 52 (55.32) 154 (61.60)
    Female 42 (44.68) 96 (38.40)
Age (years) 0.771 0.380
    ≥ 65 66 (70.21) 163 (65.20)
    < 65 28 (29.79) 87 (34.80)
BMI (kg/m2) 23.48 ± 2.42 23.20 ± 2.22 0.996 0.320
Smoking history, n (%) 0.515 0.473
    Yes 42 (44.68) 101 (40.40)
    No 52 (55.32) 149 (59.60)
Drinking history, n (%) 0.281 0.596
    Yes 24 (25.53) 71 (28.40)
    No 70 (74.47) 179 (71.60)
T2DM, n (%) 26.100 < 0.001
    Yes 59 (62.77) 81 (32.40)
    No 35 (37.23) 169 (67.60)
Hypertension, n (%) 0.304 0.581
    Yes 39 (41.49) 112 (44.80)
    No 55 (58.51) 138 (55.20)
Hyperlipidemia, n (%) 5.859 0.015
    Yes 17 (18.09) 22 (8.80)
    No 77 (81.91) 228 (91.20)
LA (mm) 38.33 ± 6.37 38.12 ± 6.49 0.277 0.782
LVESD (mm) 37.96 ± 5.28 38.30 ± 6.26 0.477 0.634
LVEDD (mm) 51.03 ± 5.72 51.12 ± 5.21 0.142 0.887
LVEF (%) 55.17 ± 5.68 60.76 ± 8.19 6.099 < 0.001
Diseased vessels, n 1 (1, 2) 1 (1, 2) 0.452 0.651
WBC (×109/L) 11.21 ± 2.48 11.11 ± 2.56 0.342 0.733
NEUT (×109/L) 5.93 ± 1.37 6.19 ± 1.31 1.664 0.097
HGB (g/L) 145.01 ± 20.05 146.09 ± 16.63 0.507 0.612
RDW (%) 12.99 ± 0.67 13.10 ± 0.67 1.185 0.237
MPV (fL) 10.22 ± 1.55 10.13 ± 1.55 0.476 0.634
HCT (%) 43.16 ± 4.75 43.62 ± 4.79 0.810 0.421
PLT (×109/L) 270.26 ± 39.20 272.92 ± 40.20 0.551 0.582
Scr (μmol/L) 82.58 ± 11.97 81.45 ± 10.51 0.856 0.393
BUN (mmol/L) 6.12 ± 1.91 6.11 ± 2.09 0.002 0.998
AST (U/L) 49.85 (30.53, 112.60) 43.25 (31.23, 79.93) 0.765 0.444
K+ (mmol/L) 3.91 ± 0.42 3.98 ± 0.59 1.147 0.252
CK-MB (U/L) 29.99 (18.55, 71.74) 31.74 (18.35, 64.27) 0.035 0.972
LP(a) (mg/dL) 21.29 ± 4.28 16.44±3.03 10.079 < 0.001
DBIL (μmol/L) 8.95 (6.80, 10.23) 8.20 (6.50, 10.03) 0.984 0.325
IBIL (μmol/L) 9.10 (6.58, 12.60) 9.25 (6.86, 12.40) 0.182 0.856
TnT (pg/mL) 42.47 ± 13.11 40.79 ± 13.46 1.035 0.302
BNP (pg/mL) 92.31 ± 12.14 80.86 ± 11.03 8.342 < 0.001
PT (s) 11.96 ± 1.62 11.88 ± 2.47 0.294 0.769
Hs-CRP (mg/L) 9.19 ± 2.13 7.13 ± 1.37 8.733 < 0.001
Procedure duration (min) 64.51 ± 10.88 64.57 ± 12.01 0.043 0.965
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Stent implantation, n (%) 0.150 0.699
    Yes 68 (72.34) 186 (74.40)
    No 26 (27.66) 64 (25.60)
Abbreviations: HF, heart failure; BMI, body mass index; T2DM, type 2 diabetes mellitus; LA, left atrial diameter; LVESD, left 
ventricular end-systolic dimension; LVEDD, left ventricular end-diastolic dimension; LVEF, left ventricular ejection fraction; WBC, 
white blood cells; NEUT, neutrophil; HGB, hemoglobin; RDW, red cell distribution width; HCT, hematocrit; MPV, mean platelet 
volume; PLT, platelet count; Scr, serum creatinine; BUN, blood urea nitrogen; AST, aspartate aminotransferase; K+, serum 
potassium; CK-MB, creatine kinase-MB; LP(a), lipoprotein(a); DBIL, direct bilirubin; IBIL, indirect bilirubin; TnT, troponin T; BNP, 
B-type natriuretic peptide; PT, prothrombin time; Hs-CRP, high-sensitivity C-reactive protein.

Table 3. Variable assignment table
Variable Assignment 
Dependent variable
    HF 0 = HF, 1 = Non-HF
Independent variables
    T2DM 0 = “No”, 1 = “Yes”
    Hyperlipidemia 0 = “No”, 1 = “Yes”
    LVEF Enter actual value
    LP(a) Enter actual value
    BNP Enter actual value
    Hs-CRP Enter actual value
    TnT Enter actual value
Abbreviations: HF, heart failure; T2DM, type 2 diabetes 
mellitus; LVEF, left ventricular ejection fraction; LP(a), 
lipoprotein(a); BNP, B-type natriuretic peptide; Hs-CRP, 
high-sensitivity C-reactive protein; TnT, troponin T.

gy in which no patients are treated, resulting in 
a constant net benefit of zero.

Comparison of ROC curves between the model 
and individual factors

As shown in Figure 5 and Table 5, the AUC of 
the nomogram model was 0.946, whereas the 
AUC values for individual predictors-T2DM, 
LVEF, LP(a), BNP, and Hs-CRP-were 0.652, 
0.706, 0.832, 0.750, and 0.782, respectively. 
Statistical comparison showed that the AUC of 
the nomogram model was significantly higher 
than that of T2DM, LVEF, LP(a), BNP, and 
Hs-CRP (Z = 10.152, 8.311, 5.633, 7.236, and 
5.650, respectively; all P < 0.05), indicating 
that the model demonstrated superior predic-
tive performance compared to any single 
variable.

Discussion

With advances in imaging technology, clinicians 
can now more accurately evaluate coronary 
artery lesions, thereby enhancing the precision 
and safety of PCI and improving surgical out-

comes. However, although PCI effectively re- 
solves vascular occlusion in patients with ACS, 
not all patients derive equivalent long-term 
benefits from the procedure. The incidence of 
HF following PCI remains high and is closely 
associated with adverse long-term prognosis 
[14]. HF not only impairs patients’ quality of life 
but also significantly increases the risk of 
rehospitalization and mortality [15]. In this 
study, clinical data from 492 patients with ACS 
were analyzed, and T2DM, LVEF, LP(a), BNP, 
and Hs-CRP were identified as independent 
factors associated with the development of HF 
within one year after PCI.

In this study, T2DM was identified as an inde-
pendent risk factor for HF in patients with ACS 
within one year after PCI (odds ratio: 4.510). 
Long-term hyperglycemia in diabetic patients 
can lead to insulin resistance and metabolic 
abnormalities. Moreover, hyperglycemia pro-
motes the formation of advanced glycation end 
products, which cause damage to cardiomyo-
cytes and vascular endothelial cells, leading to 
myocardial fibrosis and increased vascular 
stiffness. These pathologic changes subse-
quently impair both systolic and diastolic cardi-
ac function [16]. In addition, acute occlusion of 
the coronary artery in ACS patients combined 
with diabetes further aggravates coronary 
lesions, making post-interventional recanaliza-
tion less effective than in non-diabetic patien- 
ts. LVEF is a key indicator of left ventricular sys-
tolic function. A reduced LVEF reflects weak-
ened myocardial contractility and impaired car-
diac pump function. In this study, the risk of HF 
after PCI increased with decreasing LVEF. 
During ACS, acute coronary occlusion leads to 
myocardial ischemia and necrosis, directly 
compromising systolic function. LVEF effective-
ly reflects the extent and severity of myocar- 
dial infarction; a lower LVEF indicates a larger 
infarct size and more severe impairment of  
ventricular contraction [17]. LP(a) is a unique 
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Table 4. Univariate and multivariate analyses of factors influencing heart failure in ACS patients after 
PCI

Variable
Univariate analysis Multivariate analysis 

β OR (95% CI) P value β OR (95% CI) P value
T2DM 1.258 3.517 (2.144-5.770) < 0.001 1.506 4.510 (2.051-9.918) < 0.001
Hyperlipidemia 0.828 2.288 (1.155-4.533) 0.018 0.388 1.474 (0.454-4.782) 0.518
LVEF -0.108 0.897 (0.864-0.932) < 0.001 -0.087 0.917 (0.864-0.973) 0.004
LP(a) 0.415 1.514 (1.367-1.677) < 0.001 0.363 1.438 (1.267-1.632) < 0.001
BNP 0.089 1.093 (1.066-1.121) < 0.001 0.079 1.082 (1.047-1.118) < 0.001
Hs-CRP 0.708 2.030 (1.701-2.423) < 0.001 0.551 1.735 (1.396-2.155) < 0.001
Constant - - - -14.903 - -
Abbreviations: OR, odds ratio; CI, confidence interval; ACS, acute coronary syndrome; PCI, percutaneous coronary intervention; 
T2DM, type 2 diabetes mellitus; LVEF, left ventricular ejection fraction; LP(a), lipoprotein(a); BNP, B-type natriuretic peptide; 
Hs-CRP, high-sensitivity C-reactive protein.

Figure 1. Nomogram for predicting HF risk in patients with ACS after PCI. Abbreviations: HF, heart failure; ACS, acute 
coronary syndrome; PCI, percutaneous coronary intervention; T2DM, type 2 diabetes mellitus; LVEF, left ventricular 
ejection fraction; LP(a), lipoprotein(a); BNP, B-type natriuretic peptide; Hs-CRP, high-sensitivity C-reactive protein.

cholesterol-rich macromolecular lipoprotein 
complex, consisting of cholesterol and phos-
pholipids encapsulated within hydrophilic carri-
ers [18]. LP(a) readily penetrates and deposits 
within the vascular wall, promoting the progres-
sion of atherosclerosis and thereby increasing 
the risk of HF after PCI. Moreover, LP(a) has 
been demonstrated to exert pro-inflammatory, 
pro-oxidative, pro-thrombotic, and pro-athero-
genic effects, further contributing to cardiovas-
cular dysfunction [19].

BNP is a key biomarker for the clinical diagno-
sis of HF. It is mainly secreted by ventricular 
myocytes in response to increased ventricular 
wall stress [20]. In patients with acute myocar-
dial infarction, myocardial ischemia and necro-

sis lead to impaired systolic function and ele-
vated left ventricular end-diastolic pressure, 
which in turn stimulate BNP secretion by car-
diomyocytes. As a bioactive hormone, BNP pro-
motes vasodilation and diuresis while inhibit- 
ing activation of the renin-angiotensin-aldoste-
rone system [21]. Elevated BNP levels not only 
reflect the severity of myocardial ischemia but 
may also indicate the presence of reperfusion 
injury. Reperfusion injury can result in cardio-
myocyte edema, mitochondrial dysfunction, 
and microvascular impairment, thereby aggra-
vating myocardial injury, reducing cardiac  
pump function, and increasing the risk of HF. 
Stewart et al. [22] also reported that plasma 
BNP concentration remains an independent 
predictor of cardiovascular mortality even more 
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Figure 2. ROC curves of the nomogram model in the training and validation sets. A. Training set; B. Validation set. 
Abbreviations: ROC, receiver operating characteristic; AUC, area under the curve; CI, confidence interval.

Figure 3. Calibration curves of the nomogram model in the training and validation sets. A. Training set; B. Validation 
set.

Figure 4. Decision curve analyses of the nomogram model in the training and validation sets. A. Training set; B. 
Validation set.
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Table 5. Comparison of the area under the 
ROC curve between the model and individual 
predictors
Variable AUC 95% CI Z P value
Model 0.946 0.925-0.967 - -
T2DM 0.652 0.599-0.702 10.152 < 0.001
LVEF 0.706 0.655-0.754 8.311 < 0.001
LP(a) 0.832 0.788-0.870 5.633 < 0.001
BNP 0.750 0.700-0.795 7.236 < 0.001
Hs-CRP 0.782 0.734-0.824 5.650 < 0.001
Abbreviations: ROC, area under the curve; AUC, area 
under the curve; CI, confidence interval; T2DM, type 2 
diabetes mellitus; LVEF, left ventricular ejection fraction; 
LP(a), lipoprotein(a); BNP, B-type natriuretic peptide; Hs-
CRP, high-sensitivity C-reactive protein.

than ten years after measurement. Hs-CRP is 
acute-phase reactant and an important marker 
of inflammatory activation that plays a regula-
tory role in the body’s innate immune response 
[23, 24]. During an episode of ACS, serum 
Hs-CRP levels rise sharply. Elevated concentra-
tions of Hs-CRP may not only participate direct-
ly in local and systemic inflammatory reactions 
and exacerbate myocardial injury, but also 
damage vascular endothelial cells, cause vaso-
constriction, and consequently increase the 
risk of postoperative HF in patients [25, 26].

The univariate analysis in this study suggested 
that a history of hyperlipidemia was associated 
with the occurrence of HF. However, the multi-
variate analysis indicated that the influence of 
hyperlipidemia on HF risk was not significant 
after adjustment for other factors. These find-
ings further highlight that a single variable may 
not accurately predict the risk of HF after PCI in 
patients with ACS. To address this limitation, a 
nomogram model was developed based on the 
independent predictors identified through mul-
tivariate logistic regression-T2DM, LVEF, LP(a), 
BNP, and Hs-CRP. The model demonstrated 
good discriminatory ability, calibration, and clin-
ical applicability, suggesting its utility as a  
decision-support tool for risk assessment in 
clinical practice. Nevertheless, several limita-

tions should be acknowledged. First, this was a 
single-center retrospective study, and the data 
available for analysis were relatively limited. 
Second, there may be other potential factors 
influencing the risk of HF in ACS patients that 
were not included in the current model. 
Therefore, further prospective, multicenter 
studies with larger sample sizes are warranted 
to validate and optimize the predictive perfor-
mance of this nomogram.

Conclusion

This study identified T2DM, LVEF, LP(a), BNP, 
and Hs-CRP as independent factors asso- 
ciated with the development of HF in patients 
with ACS after PCI. Based on these variables,  
a nomogram model was constructed, which 
demonstrated favorable predictive perfor-
mance and may serve as a useful tool for iden-
tifying high-risk patients with HF and guiding 
individualized clinical management.
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