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Abstract 35 

Background: Coronary collateral circulation (CCC) plays a critical cardioprotective role in 36 

mitigating myocardial ischemia through its dynamic compensatory capacity. Clinical evidence has 37 

demonstrated that well-CCC development preserves relatively cardiac functional stability even in 38 

the presence of complete native coronary artery occlusion. However, the molecular mechanisms 39 

underlying CCC formation remain poorly understood, and there is a lack of clinically actionable 40 

non-invasive biomarkers for classifying CCC status in patients with chronic total occlusion (CTO).  41 

Methods: Using a data-independent acquisition quantitative proteomic approach, this study 42 

comprehensively analyzed 235 plasma samples from two independent CTO cohorts. Collateral 43 

filling from the contralateral vessel was categorized into four grades according to the Rentrop 44 

classification criteria (Grade 0 to 3).  45 

Results: Proteome profiling revealed enrichment of protein degradation and ion transport 46 

pathways in patients with good-CCC CTO, whereas immune responses and vascular remodeling 47 

pathways predominated in patients with bad-CCC. Using candidate plasma protein biomarkers 48 

mailto:yangyn5126@163.com
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(SOD1, UFD1, DDX5, MIA3, TOM1, and LMAN2) in conjunction with clinical data, CCC 49 

classifiers were developed that demonstrated high predictive accuracy, achieving an area under the 50 

curve of 0.91 in the discovery cohort. The robustness and generalizability of the model were further 51 

confirmed in an independent validation cohort, with an area under the curve (AUC) of 0.82. ELISA 52 

analysis revealed that the candidate plasma proteins effectively discriminated CCC status in 53 

patients with CTO, achieving an AUC of 0.76 (95% CI, 0.73–0.77) and an area under the precision-54 

recall curve (AUPRC) of 0.79 (95% CI, 0.77–0.81). Additionally, a risk prediction model for main 55 

adverse cardiovascular and cerebrovascular events (MACCEs) was constructed based on a panel 56 

of nine plasma proteins, providing a potential tool for the early identification of patients at high-57 

risk of CTO.  58 

Conclusion: Machine learning models based on plasma proteomic profiles outperformed existing 59 

clinical models in predicting CCC status. The developed risk prediction model for MACCEs 60 

provides a non-invasive approach for early stratification of patients at high risk of CTO. 61 

 62 

 63 

 64 

 65 
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Introduction 69 

Coronary artery disease (CAD) 1, remains a predominant global cause of mortality, primarily due 70 

to flow-limiting obstruction of the coronary arteries that induces myocardial ischemia and 71 

infarction1, 2. Among patients with CAD, approximately 30–52% present with chronic total 72 

occlusion (CTO) of a coronary artery3, 4. CTO is angiographically defined as complete coronary 73 

artery occlusion with no antegrade epicardial flow persisting for more than three months, as 74 

confirmed by prior coronary angiography or clinical history5. This persistent vascular occlusion 75 

not only compromises myocardial perfusion but also heightens cardiovascular risk, manifesting 76 

clinically as refractory angina, progressive heart failure, and recurrent infarction6. Notably, the 77 

clinical trajectory of CTO exhibits substantial heterogeneity, partially attributable to the 78 

development of coronary collateral circulation (CCC). These naturally occurring bypass vessels 79 

mediate alternative perfusion to jeopardized myocardium, with emerging evidence indicating a 80 

substantial impact on patients’ quality of life and clinical outcomes7. Recent longitudinal data 81 

demonstrate that patients with well-developed CCC achieve 10-year survival rates exceeding 50% 82 

while maintaining preserved cardiac function, even in the presence of multivessel chronic 83 

occlusions8, 9. This adaptive response highlights the therapeutic potential of collateral-promoting 84 

strategies in optimizing clinical management approaches for patients with complex CTO. 85 

However, the mechanisms underlying CCC formation and its regulatory determinants remain 86 

incompletely understood. Studies have shown that CCC development is influenced by multiple 87 

factors, including genetic predisposition, metabolic status, vascular endothelial growth factor 88 

expression levels, and the local hemodynamic environment10, 11. Moreover, the dynamic nature of 89 

CCC underscores its critical role in tailoring individualized treatment strategies for patients with 90 

CTO. Early assessment of CCC development allows clinicians to tailor and optimize therapeutic 91 
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strategies more accurately, thereby improving patient outcomes12’ 13. The current gold standard for 92 

assessing CCC, the collateral flow index (CFI), relies on invasive techniques that are technically 93 

demanding and carry procedural risks14, especially in patients with non-occlusive lesions where 94 

antegrade and collateral flow are difficult to distinguish. These limitations highlight the urgent 95 

need to elucidate the underlying mechanisms and to identify reliable, non-invasive biomarkers for 96 

assessing CCC functionality, thereby facilitating early clinical intervention for patients with CTO. 97 

Plasma proteins represent dynamic indicators of pathophysiological signatures, serving as 98 

accessible biomarkers and direct reporters of tissue-specific responses15. Their origins, whether 99 

actively secreted or passively released from cardiomyocytes during injury, enable proteomic 100 

profiling to capture disease states with high biological fidelity. Mass spectrometry-based 101 

proteomics has yielded substantial progress in cardiovascular research while simultaneously 102 

enabling high-throughput analysis of hundreds to thousands of proteins16, 17. For instance, 103 

researchers have identified cardiac myosin-binding protein C (cMyBP-C) as a sensitive marker of 104 

myocardial injury through plasma proteomics18-20, offering new avenues for the early diagnosis of 105 

myocardial infarction. Recent studies have demonstrated the clinical utility of proteomics in the 106 

secondary prevention of atherosclerotic cardiovascular disease (ASCVD)21. Systematic proteomic 107 

analyses of two ASCVD secondary prevention cohorts revealed that risk prediction models based 108 

on proteomic features outperformed traditional clinical risk models in predicting recurrent ASCVD 109 

events21. 110 

Additionally, a large-scale cohort study using the UK Biobank conducted comprehensive plasma 111 

proteomic profiling in 44,313 participants and integrated these data with 11.1 years of follow-up. 112 

This study constructed a network linking circulating proteomic signatures with the incidence risk 113 

of CAD, heart failure, atrial fibrillation, and aortic stenosis22. The findings systematically 114 
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elucidated potential molecular mechanisms underlying these cardiovascular diseases and provided 115 

evidence-based support for proteomics-driven strategies in cardiovascular disease prevention22.  116 

In this study, data-independent acquisition (DIA) proteomic profiling was performed on 235 117 

plasma samples from two independent multicenter cohorts (124 in the discovery cohort and 111 118 

in the validation cohort) to evaluate the clinical utility of plasma-based biomarkers for assessing 119 

CCC status and predicting the risk of major adverse cardiovascular and cerebrovascular events 120 

(MACCE) risk in paitents eith CTO. Collectively, the findings provide novel insights into the 121 

molecular characterization of CCC and demonstrate the feasibility of proteomics-integrated 122 

machine learning approaches for developing non-invasive diagnostic and prognostic tools. These 123 

advances may facilitate personalized therapy and contribute to more effective management of CTO. 124 

Materials and Methods 125 

Sample preparation 126 

Patient cohort and clinical data 127 

CTO was defined as complete vascular occlusion with thrombolysis in myocardial infarction grade 128 

0: indicating no flow distal to the occluded vessel, with an occlusion duration of more than 129 

3 months. The inclusion criteria were as follows: 1) age ≥ 18 years and ≤ 80 years, 2) stable or 130 

unstable angina pectoris; and 3) coronary angiography confirming the presence of CTO in at least 131 

one major artery (left anterior descending, left circumflex, or right coronary artery). The exclusion 132 

criteria included prior coronary artery bypass grafting, acute myocardial infarction, active 133 

infectious disease, chronic inflammatory disease, rheumatologic disease, or malignancy. A total 134 

of 235 patients with CTO were recruited into two independent CTO cohorts for further analysis, 135 

including a discovery cohort (n = 124) from the First Affiliated Hospital of Xinjiang Medical 136 
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University and a validation cohort (n = 111) at the People’s Hospital of Xinjiang Uygur 137 

Autonomous Region Hospital (Figure 1A; Supplementary Figure 1A). Additionally, an external 138 

validation cohort (cohort 2) was recruited from the People’s Hospital of Xinjiang Uygur 139 

Autonomous Region Hospital, comprising 291 patients with CTO (Supplementary Figure 1A).  140 

Clinical information regarding patient history, CCC status, and relevant diagnostic findings, and 141 

surgical records was obtained from all patients. All angiographic data were obtained using a digital 142 

angiography systems (GE Medical Systems; Siemens, Forchheim, Germany). At least two 143 

experienced pathologists independently reviewed all coronary angiography images from patients 144 

with CTO to verify the diagnostic findings. In cases of disagreement, a third reviewer adjudicated 145 

the discrepancy. Collateral filling from the contralateral vessel was categorized into four grades 146 

according to the Rentrop classification criteria23, 24: Grade 0: No collateral filling; Grade 1: Filling 147 

of side branches of the artery to be dilated via collateral channels without visualization of the 148 

epicardial segment; Grade 2: Partial filling of the epicardial segment via collateral channels; Grade 149 

3: Complete filling of the epicardial segment of the artery being dilated via collateral channels. 150 

According to collateral flow, patients were classified into a good CCC group (Rentrop grades 2–151 

3)8 or a bad-CCC group (Rentrop grades 0–1).  152 

Ethical approval 153 

The Research Ethics Committees of the First Affiliated Hospital of Xinjiang Medical University 154 

approved this study (Ethics Approval Number: K202101-20), and written informed consent was 155 

obtained from all patients. 156 
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Study endpoints 157 

Participants were followed up every 3–6 months for endpoint events through telephone interviews 158 

or clinic visits. The study endpoint was the occurrence of composite MACCEs during follow-up, 159 

including all-cause death, cardiac death, non-fatal myocardial infarction, non-fatal stroke, 160 

malignant arrhythmia, revascularization, severe heart failure (New York Heart Association 161 

Functional Classification III or IV), and target vessel revascularization25. 162 

Sample collection and storage 163 

A total of 235 plasma samples were collected for further analysis. Blood samples were stored at 4 164 

°C after collection, and plasma was extracted within one hour to prevent red blood cell hemolysis. 165 

All plasma samples were transferred to the research laboratory and stored at -80 °C 26. 166 

Plasma proteome analysis 167 

Plasma protein extraction and trypsin digestion 168 

In this procedure, 2 µL of plasma and body fluid samples were mixed with 100 µL of 50 mM ABC 169 

buffer, followed by protein inactivation at 95°C for 5 min. After cooling to room temperature, the 170 

samples were digested with trypsin at an enzyme-to-protein mass ratio of 1:50 for 16 hours in a 171 

37°C incubator. Then, 5 µL of aqueous ammonia was added to each tube and vortexed to quench 172 

the digestion reaction. Then, the supernatant was dried at 60°C using a vacuum drier (SpeedVac, 173 

Eppendorf). After drying, the peptides were dissolved in 100 µL of 0.1% formic acid and 174 

centrifuged for 3 min (12,000 g). The supernatant was transferred to a new tube and then 175 

desalinated. Before desalting, the activation of the pillars with 2 slides of 3 M C18 disks was 176 

performed, and the lipid content was 100 μL of 100% acetonitrile added twice, 100 μL of 50% and 177 
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80% acetonitrile added once, and then 100 μL of 50% acetonitrile added once. The columns were 178 

equilibrated with two 100 µL washes of 0.1% formic acid, and the sample supernatant was loaded 179 

twice onto the columns, which were then washed twice with 100 µL of 0.1% formic acid for 180 

decontamination. Finally, 100 μL of elution buffer (0.1% formic acid in 50% acetonitrile) was 181 

added to the column for elution twice, and only the effluent was collected for mass spectrometry 182 

analysis. Then, the collected eluate was dried at 60°C in a vacuum drier. 183 

LC‒MS/MS Acquisition of Serum Samples 184 

Samples were measured using LC‒MS instrumentation consisting of an EASY-nLC 1200 185 

ultrahigh-pressure system (Thermo Fisher Scientific) coupled via a nanoelectrospray ion source 186 

(Thermo Fisher Scientific) to a Fusion Lumos Orbitrap (Thermo Fisher Scientific). The peptides 187 

were dissolved in 12 μl of loading buffer (0.1% formic acid in water), and 5 μl was loaded onto a 188 

100 μm ID × 2.5 cm C18 trap column at a maximum pressure of 280 bar with 14 μl of solvent A 189 

(0.1% formic acid in water). Peptides were separated on a 75 μm I.D. × 15 cm column (C18, 1.9 190 

μm, 120 c, Dr. Maisch GmbH) with linear 15–30% mobile phase B (ACN and 0.1% formic acid) 191 

at 600 nl/min for 10 mins. MS analysis was performed in a data-independent manner. The data-192 

independent acquisition (DIA) method consisted of an MS1 scan from 300-1400 m/z at 60k 193 

resolution (AGC target 4e5 or 50 ms). Then, 30 DIA segments were acquired at 15k resolution 194 

with an AGC target of 5e4 or 22 ms for maximal injection time. The setting of inject ions for all 195 

available parallelizable times was enabled. HCD fragmentation was set to a normalized collision 196 

energy of 27%. The spectra were recorded in profile mode. The default charge state for MS2 was 197 

set to 3. 198 
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Peptide identification and label-free protein quantification 199 

As mentioned earlier, the spectral library enabled the targeted extraction of precursor ions and 200 

protein intensities from the DIA runs. This extraction was executed using DIA-NN software 201 

(v1.8.1)27 in a manner consistent with previously established methodologies, and the 202 

recommended default settings of DIA-NN were utilized. Carbamidomethylation at cysteine 203 

residues was the sole fixed modification allowed. To enhance data quality, interfering precursor 204 

peaks were removed, and the robust LC (high accuracy) quantification strategy was employed, 205 

filtering precursors at a q-value threshold of 0.01. Protein grouping was conducted at the canonical 206 

protein sequence level rather than the gene level. After this analysis, the output underwent stringent 207 

filtering based on several criteria: a precursor Q-value of less than 1% per experiment, a global 208 

protein Q-value of less than 1%, and a run-specific protein Q-value of less than 1%. For protein 209 

abundance calculations, precursor ion intensities were aggregated at the unique gene symbol level 210 

using the MaxLFQ normalization method28. This method is known for its intensity-based, label-211 

free quantification, integration of delayed normalization, and maximal peptide ratio extraction. 212 

Finally, peak area values were calculated as components of their respective proteins. 213 

Quality control of the MS data 214 

Quality control of the MS platform 215 

For quality control of MS data, HEK293T cell (National Infrastructure Cell Line Resource) lysates 216 

were measured every three days as the quality control standard. The standard was digested and 217 

analyzed using the same method and conditions as those used for the CTO patient plasma samples. 218 

A pairwise Spearman correlation coefficient was calculated for all quality control runs in the 219 

statistical analysis environment R (version 4.1.0).  220 
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Quality evaluation of plasma proteomic data 221 

Density plots of peptide counts and protein identifications showed a precise bimodal distribution, 222 

indicating that some samples had insufficient peptide or protein yields and should be excluded 223 

from further analysis. Therefore, the quality of the generated data was assessed by examining the 224 

distribution status of the identified proteins for all samples in the R environment (version 4.1.0). 225 

In our cohort, 122 plasma samples in the discovery cohort and 110 plasma samples in the validation 226 

cohort passed quality control and were used for further proteomic analysis. Those samples that did 227 

not pass the quality control tests were excluded from the subsequent analyses. All the quality 228 

control samples showed excellent consistency in terms of proteome quantification 229 

(Supplementary Figure 5G-5H), exhibiting a typical unimodal (Gaussian or normal) distribution 230 

(statistical dip test). 231 

Coefficients of Variance 232 

In DIA-based quantitative proteomics, coefficients of variance (CVs) are instrumental in 233 

evaluating the reliability and consistency of experimental outcomes. CVs represent the relative 234 

variability surrounding the mean of a dataset. A lower CV signifies greater accuracy and stability, 235 

reflecting fewer discrepancies in repeated observations. The CVs were calculated using the 236 

standard deviation (SD) divided by the mean values of the peptides and proteins in the dataset. 237 

Accordingly, CV values for the quantification intensity of peptides and proteins were ascertained, 238 

providing a comprehensive assessment of our measurement precision. 239 

Batch Effects Correction for the Plasma Proteomic Data 240 

Batch effects are a major source of technical bias in proteomic studies, primarily arising from non-241 

biological variations related to sample processing, experimental procedures, and instrument 242 
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performance. If not properly identified and corrected, these systematic errors can severely 243 

confound the interpretation of true biological differences, leading to biased research conclusions. 244 

Therefore, establishing robust strategies for detecting and correcting batch effects is essential to 245 

ensure the reliability and reproducibility of proteomic data. 246 

This study employed Principal Component Analysis (PCA), a widely used multidimensional data 247 

visualization method, to assess potential batch effects. The analytical workflow involved 248 

standardizing the protein expression matrix to eliminate scale differences across features, followed 249 

by the computation of the primary principal components (PC1 and PC2) and the generation of two-250 

dimensional scatter plots. Experimental batches were color-coded to identify potential clustering 251 

patterns visually. The PCA results indicated that samples from the discovery and validation cohorts 252 

exhibited a homogeneous distribution in the principal component space without evident batch-253 

related clustering (Supplementary Figure 5E-5F), suggesting consistent experimental procedures 254 

and the absence of significant batch effects. However, one outlier sample was identified in each 255 

cohort, with principal component scores deviating significantly from the main cluster (|Z-score| > 256 

2.58, p-value < 0.01), suggesting possible technical artifacts. To preserve the integrity of 257 

downstream analyses, these outliers were excluded from subsequent analyses. 258 

Missing value imputation 259 

To ensure the reliability of downstream analyses, plasma proteins with a missing rate greater than 260 

50% across all samples were excluded from the dataset. This exclusion criterion is consistent with 261 

previously established practices in proteomic studies29, 30. For the remaining proteomic data, 262 

missing values were imputed using the K-Nearest Neighbors (K-NN) algorithm26, 31. Specifically, 263 

the K-NN imputation was implemented using the open-source scikit-learn package in the Python 264 
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programming environment (version 3.8.6). This approach estimates missing values by calculating 265 

Euclidean distances between samples and leveraging the feature values of the most similar 266 

neighbors, thereby preserving the local structure of the dataset. 267 

We conducted a comprehensive assessment of missing data distribution to evaluate potential biases 268 

and ensure data quality. The preprocessed dataset (after excluding proteins with >50% missingness) 269 

exhibited high data completeness (Supplementary Figure 6A, 6B). Specifically, 82% of proteins 270 

have 70–100% completeness across samples. 45.5% of proteins showed 100% completeness 271 

without any missing value data. Only a minor fraction of proteins (<5%) fall in the 50–60% 272 

completeness range, confirming that most retained data are well-supported (Supplementary 273 

Figure 6C). To further validate the robustness of the KNN-imputed dataset and assess the clinical 274 

relevance of the identified protein biomarkers, we conducted independent experimental 275 

verification using the ELISA method in CTO patient plasma samples. The ELISA results exhibited 276 

strong concordance with the proteomic findings (Supplementary Figure 10A, 11A), which 277 

demonstrated the reliability of the imputation strategy. 278 

Data normalization 279 

To more accurately assess relative protein abundance and minimize the impact of data variance, 280 

log₂ transformation was applied to normalize the quantified protein expression levels. As a widely 281 

used technique in proteomic data analysis, log₂ transformation effectively compresses the high 282 

dynamic range of protein expression, thereby enhancing distributional stability and facilitating the 283 

identification of underlying biological patterns and differences. Following transformation, protein 284 

abundances were further adjusted to ensure comparability across samples. Specifically, the 285 

expression levels of all proteins in each sample were normalized to their respective median values. 286 
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This normalization approach mitigated the influence of outliers and sample-specific variability, 287 

thereby improving the robustness and consistency of the dataset. 288 

Analysis of differentially expressed proteins 289 

Differentially expressed protein (DEP) analysis in experimental samples featuring distinct 290 

phenotypes was conducted using the Wilcoxon rank-sum test. This analysis included comparisons 291 

between the good-CCC and bad-CCC CTO patient groups. Before the differential expression 292 

analysis, proteomic data containing more than 50% missing data were excluded, and 1,633 plasma 293 

proteins were utilized as input for DEP analysis. Next, the protein expression matrix was utilized 294 

to identify differentially expressed proteins within the comparison groups, employing the 295 

“Contrasts” functions incorporated in the limma32 (v.3.48.3) R/Bioconductor package. P-values 296 

were adjusted using the Benjamini‒Hochberg 6 method, and proteins exhibiting an adjusted p-297 

value < 0.05 and a fold change >1.5 were deemed significantly differentially expressed. As a result, 298 

DEP analysis revealed 235 proteins whose levels significantly differed between good-CCC 299 

patients and bad-CCC patients. 300 

Pathway enrichment analysis 301 

In this study, pathway enrichment analysis was performed using Over-Representation Analysis 302 

(ORA) to systematically investigate the biological functions of differentially expressed proteins. 303 

Specifically, functional annotation was conducted through the ConsensusPathDB (CPDB) 304 

interactive platform (http://cpdb.molgen.mpg.de/), which integrates multiple pathway databases, 305 

including KEGG33, Gene Ontology (GO) biological processes34, and Reactome35 databases. 306 

Pathways with a false discovery rate (FDR) < 0.01 were considered significantly enriched. 307 
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Construction of the classification model for coronary collateral circulation status 308 

Dataset and model training. 309 

In this study, the gradient-boosted tree algorithm XGBoost (Python package “xgboost” version 310 

1.6.1) was employed to construct a classification model aimed at determining the CCC status (good 311 

CCC vs. poor CCC) of CTO patients in the discovery dataset. During the model derivation process, 312 

the discovery cohort was stratified into a training set (70%) and an independent test set (30%) 313 

using stratified random sampling to ensure balanced distribution of CCC status. To prevent data 314 

leakage, all model development processes, including feature selection, hyperparameter tuning, and 315 

final model training, were conducted solely on the training set. Once the model was established, it 316 

was rigorously tested and validated exclusively on the held-out test set to ensure its complete 317 

independence from feature selection and model training, thereby ensuring the authenticity and 318 

reliability of model evaluation. The locked models were then evaluated internally on the test set 319 

and externally on independent, unseen datasets to assess their robustness and generalizability 320 

(Supplementary Figure 2). 321 

XGBoost is a high-performance machine learning algorithm based on a recursive tree structure 322 

and offers excellent interpretability, in contrast to typical “black-box” model mechanisms. Beyond 323 

accurate prediction of CCC status, our objective was to interpret the decision-making logic of the 324 

model. By integrating clinical data and plasma proteome profiles, we identified critical biomarkers 325 

indicative of CCC status, enabling differentiation between CTO patients who may require different 326 

medical management strategies. This approach ensured precise alignment of features with their 327 

corresponding labels, categorizing CTO patients into two groups: good CCC (Label 0) and poor 328 

CCC (Label 1). 329 
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Model evaluation metrics 330 

The effectiveness of the predictive models in this study was evaluated using a range of evaluation 331 

metrics, including the Confusion Matrix, Area Under the Curve36, Accuracy, Precision, Recall, F1 332 

Score, Macro Average Score, and Weighted Average Score. Each metric provides unique insights 333 

into the model's performance, catering to various aspects of prediction accuracy and reliability. 334 

To comprehensively evaluate the robustness and generalization ability of the model, this study 335 

employed multiple evaluation metrics to assess the performance of the predictive model. These 336 

metrics include the confusion matrix, Area Under the Receiver Operating Characteristic Curve 36, 337 

Area Under the Precision-Recall Curve (AUPRC), accuracy, precision, recall, F1-score, Matthews 338 

Correlation Coefficient (MCC)37, and Balanced Accuracy (BA)38. Each metric reflects different 339 

aspects of the model's prediction accuracy and classification performance. Ultimately, the model's 340 

classification performance was calculated by computing the geometric mean of four key 341 

indicators: AUC, AUPRC, accuracy, and F1-score. This method allows for a balanced 342 

consideration of various facets of the model's prediction, ensuring a comprehensive and objective 343 

evaluation. 344 

1. Confusion Matrix 345 

The Confusion Matrix is a tabular representation of the model’s predictions, detailing the counts 346 

of True Positives (TP), True Negatives 39, False Positives (FP), and False Negatives (FN) for each 347 

class. It provides insights into the model's performance across different categories. The confusion 348 

matrix helps evaluate how well our model predicts the CCC (good-CCC or bad-CCC) status of 349 

patients. The axes represent predicted labels versus actual labels. 350 
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2. ROC Curves and Area Under the Curve 351 

The ROC curve illustrates the trade-off between the True Positive Rate (TPR) and the False 352 

Positive Rate (FPR) of a classification algorithm, serving as a crucial tool for evaluating classifier 353 

performance. Ideally, the ROC curve should be close to the upper left corner of the plot, indicating 354 

excellent classifier performance; conversely, a curve near the diagonal line suggests that the 355 

classifier performs similarly to random guessing. The Area Under the Curve 36 represents the 356 

integral area under the ROC curve, providing a comprehensive metric for model performance. 357 

AUC values range from 0.5 to 1.0, where 0.5 indicates no discriminative ability, and 1.0 denotes 358 

perfect classification. AUC is robust to class imbalance, making it suitable for datasets with 359 

varying class proportions. The formula for calculating AUC is as follows: 360 

AUC = ∑ rankins೔ins೔∈ positive −ܯ × ܯ) + ܯ2(1 × ܰ   (1) 361 

Where: 362 

• ∑ rankins೔ins೔∈ positive  is the sum of the ranks for all positive instances. 363 

 is the total number of positive samples. 364 ܯ •

• ܰ is the total number of negative samples. 365 

• ெ×(ெ+1)2  is the sum of the first ܯ natural numbers, which adjusts the rank sum to a baseline 366 

where all positive samples are ranked lower than any negative sample. 367 
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3. Accuracy 368 

Accuracy measures the ratio of correctly predicted samples (true positives and true negatives) to 369 

the total number of predictions. However, it is unsuitable for unbalanced datasets. 370 

Accuracy = ܶܲ + ܶܰܶܲ + ܶܰ + ܲܨ +  371 (2)  ܰܨ

4. Precision and Recall 372 

• Precision: The proportion of correctly predicted positive samples (true positives) among 373 

all predicted positive samples. 374 

Precision = ܶܲܶܲ +  375 39   ܲܨ

 376 

• Recall (Sensitivity): The proportion of correctly predicted positive samples among all 377 

actual positive samples. 378 

Recall = ܶܲܶܲ +  379 (4)  ܰܨ

5. F1 Score 380 

The F1 score is the weighted harmonic mean of precision and recall. A higher F1 score indicates 381 

a good balance between precision and recall. The formula for calculating the F1 score is as follows: 382 

Score-1ܨ = 2 ×  Precision ×  Recall 
 Precision +  Recall   (5) 383 

A high F1 score indicates a good balance between precision and recall. 384 
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6. Matthews Correlation Coefficient (MCC) 385 

The MCC is an important metric for evaluating the performance of binary classification models. 386 

It is mathematically defined as the correlation coefficient between the true class cc and the 387 

predicted label l. The MCC value ranges from [−1,1], where -1 indicates a perfect negative 388 

correlation, 1 indicates a perfect positive correlation, and 0 represents random prediction. The 389 

formula for calculating MCC is as follows: 390 

 MCC = Cov(ܿ, ௖ߪ(݈ ⋅ ௟ߪ = ܶܲ ⋅ ܶܰ − ܲܨ ⋅ ܲܶ)√ܰܨ + (ܲܨ ⋅ (ܶܲ + (ܰܨ ⋅ (ܶܰ + (ܲܨ ⋅ (ܶܰ +  391 (6)  (ܰܨ

Where Cov(c,l) represents the covariance between the true class c and the predicted label l, and σc 392 

and σl denote the standard deviations of the true class and predicted label, respectively. The MCC 393 

takes into account all four possible classification outcomes—true positives, true negatives, false 394 

positives, and false negatives—providing an effective measure of classifier performance, 395 

particularly for imbalanced datasets. 396 

7. Balanced Accuracy (BA) 397 

Balanced accuracy is the arithmetic mean of sensitivity and specificity. The range of MCC is [0, 398 

1], and the calculation formula is: 399 

 Balanced Accuracy ∼ (BA) = ܴܶܲ + ܴܶܰ2   (7) 400 

By employing these metrics, we ensure a comprehensive evaluation of our model's performance, 401 

considering various aspects of predictive accuracy and robustness. 402 
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Feature importance evaluation 403 

To evaluate feature importance, we employed an ensemble of different machine learning models 404 

(Supplementary Figure 2), including Random Forest, XGBoost, LightGBM, CatBoost, Support 405 

Vector Classifier (SVC), and Logistic Regression. Each model was trained on the entire training 406 

set to assess the relative contribution of each feature to the model's predictions. The method of 407 

determining feature importance varied across models: tree-based models (XGBoost, Random 408 

Forest, LightGBM, CatBoost) measured importance based on a feature's frequency in making split 409 

decisions at each tree node, while linear models (SVC, Logistic Regression) relied on feature 410 

coefficients. To reduce the error and generate a more robust feature importance ranking, this 411 

process was performed with a 5-fold cross-validation procedure to compute the average 412 

importance scores of each feature. The final feature importance ranking was determined by 413 

aggregating the results from six different feature-ranking algorithms using a weighted voting 414 

approach. All models were implemented in Python using the “scikit-learn” module. By quantifying 415 

the relative importance of each feature using this ensemble method, this approach could accurately 416 

and robustly identify key features that most significantly contribute to the model's ability to 417 

discriminate between classes (Good-CCC and Bad-CCC for CTO patients). 418 

All features were extracted from the data frame "df" and assigned to the variable 419 

"X_data_all_features". The target variable was denoted by "Y_data," and the remaining column 420 

names (excluding the target) were stored in "x_col." A new data frame, "important_feature," was 421 

created to store the features and their corresponding importance scores, initially set to zero for all 422 

features. The process was iterated over 100 experiments. In each iteration, a unique random seed 423 

was used to partition the data for training and testing, mitigating the potential influence of outliers 424 

on feature importance, particularly in smaller datasets. The "train_test_split" function was 425 
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employed in each experiment to divide the dataset into training and testing subsets. Each 426 

classification model, configured with default hyperparameters, was then trained on the training 427 

data. Feature importance scores from each experiment were accumulated by summation and 428 

subsequently normalized by division by 100. These normalized scores were then stored in the 429 

corresponding feature columns of the "important_feature" data frame. Finally, features were 430 

ranked in descending order based on their aggregated relative importance scores, with the top 431 

features highlighted. Additionally, bar charts were generated for the 12 most important features to 432 

visualize their relative importance. 433 

Feature selection 434 

The model training integrated both clinical and proteomic features (Figure 4A). The discovery 435 

cohort was stratified into a training set (70%) and an independent test set (30%) using a stratified 436 

random partitioning method. To prevent data leakage, all model development processes—437 

including feature selection, hyperparameter optimization, and final model training—were 438 

conducted exclusively on the training set. After identifying differentially expressed proteins, an 439 

ensemble learning approach was adopted to further refine the feature selection process. This 440 

approach combined the feature importance scores of multiple base learners (XGBoost, Random 441 

Forest, and Support Vector Machines) and quantified the marginal contribution of each feature to 442 

the model's predictions using Shapley values, thus establishing a multidimensional importance 443 

evaluation matrix40, 41. This ensemble method has been successfully applied in several studies42, 444 

primarily enhancing the robustness and reliability of feature selection by leveraging the strengths 445 

of various base learning models.  446 

Based on the feature importance ranking, recursive feature elimination43 was further employed for 447 

feature optimization. This method used AUC as the objective function, iteratively removing 448 
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features with minimal contributions to model performance. Specifically, during each iteration, the 449 

least influential feature on AUC was removed until the removal of any remaining features led to 450 

an AUC drop exceeding the predefined threshold. After this optimization process, a streamlined 451 

feature subset containing the most discriminative features was obtained. This model performance-452 

based feature selection strategy not only enhanced the stability of the feature set but also effectively 453 

mitigated the risk of the curse of dimensionality, providing a reliable foundation for subsequent 454 

model construction. 455 

The specific steps are as follows: Initially, the iteration counter "num_i" was set, and two variables 456 

were used to track the best AUC scores for the training and validation sets, respectively. Features 457 

were sorted in descending order of importance, and a stratified K-fold cross-validation (K=5) 458 

strategy was applied for feature selection. In each iteration, the next most important feature was 459 

added, and the model's training and validation AUC scores were computed. The iteration process 460 

was terminated when the validation AUC score ceased to improve, and the current feature subset 461 

was returned. This method, with its strict cross-validation, ensured the stability of feature selection 462 

while avoiding the risk of overfitting, providing the optimal feature combination for subsequent 463 

modeling. 464 

Hyperparameter optimization 465 

Machine learning models with properly tuned hyperparameters significantly improve the model’s 466 

accuracy, training speed, and ability to generalize to new data to achieve state-of-the-art results. 467 

To optimize the hyperparameters of the XGBoost model, we employed Bayesian optimization 468 

using the tree-structured Parzen estimator (TPE) algorithm44. The specific hyperparameters are 469 

defined as a dictionary with the following hyperparameters: 470 
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•    Number of rounds (num_boost_round): This parameter determines the number of boosting 471 

rounds or trees to build. It is important to tune it properly to avoid overfitting. We explored values 472 

between 100 and 1000. 473 

•    Maximum depth of trees (max_depth): The maximum depth of the tree is defined as follows: 474 

We tested depths from 3 to 18. 475 

•    Gamma (gamma): Specifies the minimum loss reduction needed to make a split. The search 476 

space was between 0.1 and 1 in increments of 0.25. 477 

•     Regularization (L1 and L2: reg_alpha and reg_lambda, respectively): These add regularization 478 

terms to the objective function. We searched within a range of 0 to 1 in increments of 0.01 for both 479 

parameters. 480 

•     Column Sampling by Tree (colsample_bytree): Denotes the fraction of features to be randomly 481 

sampled for building each tree. We tested values ranging from 0.5 to 1 in increments of 0.05. 482 

•    Minimum Child Weight (min_child_weight): This parameter determines the minimum sum of 483 

the instance weights needed for a child. A search was performed between 0 and 10. 484 

•     Learning rate (eta): This makes the optimization more robust by shrinking the weights in each 485 

step. We used a range from 0.025 to 0.5 in increments of 0.05. 486 

•    Subsample: This denotes the fraction of observations to be randomly sampled for each tree. 487 

The range for this hyperparameter was between 0.5 and 1 in increments of 0.05. 488 

This hyperparameter grid will be used as input to a hyperparameter optimization algorithm to 489 

search for the optimal combination of hyperparameters that maximizes the area under the ROC 490 

curve 36. We defined the objective function ̀ objective(space)`, which takes a hyperparameter space 491 
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as input and returns a dictionary containing the loss and status values. This function is used in 492 

Bayesian optimization to evaluate the performance of the XGBoost model. For the training 493 

process, we utilized the ‘gbtree’ booster and the exact tree method. Furthermore, since our problem 494 

is a binary classification task, we employed the 'binary:logistic' objective function and used the 495 

area under the receiver operating characteristic curve (eval_metric: 'auc') as the evaluation metric. 496 

Hyperparameter optimization was performed using the “fmin()” function from the HyperOpt 497 

package, which executes the “objective()” function with different hyperparameter values specified 498 

in the “hyperparameter_grid”. The “fmin()” function employs the Tree-structured Parzen 499 

Estimator (TPE) algorithm to suggest subsequent hyperparameters for evaluation, based on 500 

previous results. The optimization continues until either the maximum number of evaluations 501 

specified by “max_evals” is reached or convergence is achieved. The “best_hyperparams” 502 

dictionary returned by “fmin()” contains the optimal hyperparameters identified during the 503 

optimization, within the search space defined by the “hyperparameter_grid”, aiming to minimize 504 

the loss value as defined by the objective function.  505 

Hyperparameter optimization was conducted over 200 iterations, and the best set of 506 

hyperparameters was selected based on the highest AUC value achieved during these iterations. 507 

After optimization, the model was retrained on the entire training set using these optimal 508 

hyperparameters.  509 

Benchmarking the performance of the classification model 510 

To establish a performance benchmark, we compared the results of the interpretable model with 511 

those of standard machine learning algorithms, including random forest, decision tree, and logistic 512 

regression. The generalization performance and prediction accuracy of the constructed 513 



 25 

classification models using candidate chronic total occlusion3 biomarkers were comprehensively 514 

evaluated on both the hold-out test set and an external independent validation cohort dataset. The 515 

benchmark models were trained using the open-source Python package “scikit-learn” (version 516 

1.3.1) with default parameters to create baseline models without hyperparameter optimization. 517 

Five-fold cross-validation was employed to enhance the reliability of the performance assessments 518 

and mitigate model overfitting. The area under the curve36 was used as a metric to evaluate the 519 

overall performance of all models on both datasets. 520 

Enzyme-linked immunosorbent assay (ELISA) 521 

In the external validation cohort, ELISA was used to validate candidate plasma protein biomarkers. 522 

The plasma concentrations of SOD1, UFD1, DDX5, MIA3, TOM1, and LMAN2 were quantified 523 

using commercially available ELISA kits (Bioswamp Life Science Lab, Wuhan, China). All assays 524 

were performed strictly in accordance with the manufacturer’s protocols.  525 

Development of a least absolute shrinkage and selection operator (LASSO) Cox Regression 526 

Model for Predicting MACCE in Patients with CTO  527 

A total of 1,644 plasma proteins from the discovery cohort were included in the LASSO regression 528 

analysis using the ‘glmnet’ package in R. Five-fold cross-validation was performed to identify the 529 

optimal value of the LASSO penalty parameter (λ). Patients with CTO were then stratified based 530 

on the median LASSO score. Multivariate analysis of candidate plasma proteins was conducted 531 

using a multivariate Cox proportional hazards model. The area under the curve (AUC)36 was 532 

calculated using receiver operating characteristic (ROC) analysis with the ‘pROC’ package in R. 533 

Time-dependent ROC curves, AUCs, and C-indices were obtained using the ‘cindex’ function 534 

within the ‘pec’ package (R). The generalizability of the model was further assessed in an 535 
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independent external validation cohort. Kaplan–Meier survival analysis was employed to compare 536 

survival curves using the ‘survival’ and ‘survminer’ packages in R. Log-rank test results with p- 537 

values < 0.05 were considered to indicate statistical significance. 538 

Statistical methods 539 

All analyses were performed using R (version 4.1.0) and Python (version 3.8.6). Standard 540 

statistical tests, including the Wilcoxon rank-sum test, were used to analyze proteomic data, and 541 

Student's t-test was used to assess statistically significant differences between the subgroups of 542 

continuous variables. The Mann‒Whitney U test was utilized to evaluate significant differences in 543 

Grantham distances between subgroups of continuous variables, and the Spearman correlation 544 

analysis was used to examine consistency and reproducibility across proteome data. Spearman's 545 

rank correlation coefficient was calculated. To account for multiple testing, p-values were adjusted 546 

using the Benjamini‒Hochberg Pathways with a FDR correction method. DeLong’s test was 547 

employed to determine the significance of differences in the AUCs between the two models45. All 548 

the statistical tests were two-sided, and p-values < 0.05 were considered to indicate statistical 549 

significance. 550 

Results 551 

Clinical baseline characteristics of patients. 552 

The detailed baseline characteristics of the discovery and validation cohorts are summarized in 553 

supplementary Table 1. There was no significant difference in age, sex, or ethnicity between the 554 

discovery cohort and the validation cohort (p > 0.05). Similarly, no significant differences were 555 

observed in the lateral branch blood supply, heart rate, smoking status, height, weight, and body 556 

mass index between the discovery cohort and the validation cohort (p > 0.05), further reinforcing 557 
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the consistency of physiological characteristics across cohorts. In terms of CCC status, 69 patients 558 

(56.6%) in the discovery cohort showed good CCC during a median follow-up of 2.0 years (IQR: 559 

1.0–4.0 years), whereas 55 patients (50%) in the validation cohort demonstrated good CCC over a 560 

median follow-up of 2.0 years (IQR: 0.3–6.0 years).  561 

Regarding vascular collateral circulation, although the validation cohort had a higher proportion 562 

of patients with Rentrop grade 0 (22.7% vs. 8.2%) and grade 3 (27.3% vs. 19.7%), the overall 563 

distribution pattern remained consistent, suggesting no clinically significant differences between 564 

the two cohorts in vascular collateral circulation status. Notably, the validation cohort had a 565 

significantly lower proportion of comorbidities than the discovery cohort (8.2% vs. 70.5%; p < 566 

0.001), while the proportion of patients with a family history was significantly higher (27.3% vs. 567 

2.5%; p < 0.001). Additionally, the treatment rate was significantly lower in the validation cohort 568 

(55.5% vs. 77.9%; p = 0.002). Nevertheless, these differences are of limited clinical relevance and 569 

are unlikely to compromise subsequent analyses, given the overall consistency in key clinical 570 

characteristics between the two cohorts.  571 

A clinically based classification model exhibited limited predictive accuracy for CCC status. 572 

To evaluate the classification performance of CCC status in patients with CTO, a baseline model 573 

utilizing clinical data was developed. Spearman correlation analysis was performed between 574 

distinct clinical features to assess interactions and collinearity among these variables (Figure 1B). 575 

Hierarchical clustering analysis grouped clinical features associated with CCC status into seven 576 

major clusters. Feature importance analysis was performed using the XGBoost model to identify 577 

clinical markers associated with CCC status. The top 12 clinical features were subsequently plotted 578 

in descending order according to their feature importance scores (Figure 1C). Considering the 579 
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relative importance scores and collinearity among clinical features, ultimately the top six 580 

contributing clinical features (basophil counts, prothrombin time (PT) activity, medical history 581 

duration, serum chloride concentrations, high-density lipoprotein- cholesterol (HDL-C) levels, and 582 

red blood cell distribution width (RDW) , were selected as inputs for constructing the final clinical 583 

baseline model. In these selected clinical features, patients with CTO with bad-CCC status 584 

exhibited significantly higher levels of basophils, RDW, and serum chloride concentration, as well 585 

as a longer duration of medical history and lower serum PT activity and HDL-C levels (Figure 586 

1D, 1E, p-value < 0.05).  587 

Moreover, multiple linear and logistic regression analyses identified basophil count, chloride 588 

levels, duration of medical history, and PT activity as independent risk factors for CCC status 589 

(Supplementary Figure 3A-3B). These results were further confirmed by multiple linear 590 

regression analysis, demonstrating significant negative coefficients after adjustment for clinical 591 

covariates (Supplementary Figure 3C), including gender, age, sex, smoking status, body mass 592 

index, blood pressure, glycated hemoglobin, and medication history. Basophil count, chloride 593 

levels, duration of medical history, and PT activity remained independent risk factors for CCC 594 

status in patients with CTO, highlighting the clinical relevance of these variables for risk 595 

stratification in this population. Howerver, RDW46 and HDL-C did not remain statistically 596 

significant after adjustment for other covariates, suggestingthat their associations with CCC status 597 

may be confounded by additional factors. 598 

Based on the six selected clinical features, the baseline clinical classification model, exclusively 599 

using features extracted from the discovery dataset, was trained. This constructed classification 600 

model was subsequently tested in an independent external cohort comprising 111 patients with 601 

CTO. Model's performance, as assessed by the AUC, yielded values of 0.85, 0.66, and 0.57 for the 602 
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training set, test set of the discovery cohort, and the external independent validation cohort, 603 

respectively (Figure 1F, Supplementary Figure 1D). Overall, CCC status prediction precision, 604 

accuracy, recall, and macro-average F1-scores were all below 0.70 in the test set and independent 605 

external validation cohort, indicating low model performance, with metric values ranging from 606 

approximately 0.50 to 0.60  (Figure 1G). Although the clinical feature-based classification model 607 

demonstrated good classification performance in the training set, its generalizability to unseen data 608 

in the test set and external validation cohort was limited. This limitation was reflected in the 609 

confusion matrices (Supplementary Figure 1B-1C), which demonstrated a significant decline in 610 

performance in the test set (accuracy: 0.63, precision: 0.67) and the external validation cohort 611 

(accuracy: 0.53, precision: 0.55). These findings suggest that the clinical baseline model has 612 

limited generalizability and performs suboptimally in predicting CCC status under real-world 613 

conditions. 614 

In conclusion, the findings identified key clinical features associated with CCC status, which may 615 

provide valuable insights for CCC prediction and CTO management, underscoring the potential 616 

for tailored therapeutic strategies based on individual CCC profiles. However, the clinical feature-617 

based model faces challenges in accurately classifying CCC status, exhibiting limited predictive 618 

accuracy. Thus, there is an urgent need to integrate additional multiomics-level features to refine 619 

the clinical diagnosis and classification of CCC status in patients with CTO.  620 

Proteome profiling revealed molecular characteristics associated with distinct CCC statuses. 621 

In this study, a DIA-MS proteomic analysis of plasma samples was performed on samples 622 

collected from all participants (n = 235). A total of 1,633 protein groups were identified in more 623 

than half of the samples (Supplementary Figure 4A-4B). The protein dynamic range spanned 624 
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eight orders of magnitude, enabling the detection of low-abundance protein changes 625 

(Supplementary Figure 4C-4F). To ensure the dataset reliability and high quality of the dataset, 626 

rigorous quality control (QC) procedures were implemented at each stage of plasma proteomic 627 

data generation. The average correlation coefficients of the QC proteomic standards in the 628 

discovery and validation cohorts were 0.93 (95% CI: 0.91–0.94) and 0.92 (95% CI: 0.90–0.94), 629 

respectively (Supplementary Figure 5A-5B). This result demonstrated high reproducibility 630 

across repeated measurements of the same samples. These results demonstrated the stability and 631 

consistent performance of the MS platform. The plasma proteome abundance exhibited a typical 632 

unimodal distribution without significant skewness (Supplementary Figure 5C-5D). PCA was 633 

performed on the discovery and validation cohorts to assess potential batch effects, and the results 634 

demonstrated excellent consistency in plasma proteome profile (Supplementary Figure 5E-5F). 635 

Following QC analysis of the discovery and validation cohorts, one outlier was identified in each 636 

cohort. Consequently, these two samples were excluded from all subsequent analyses 637 

(Supplementary Figure 5G-5H). Plasma proteomic data containing more than 50% missing data 638 

were excluded before further analyses. Therefore, a total of 1,633 plasma proteins were included 639 

in subsequent analyses (Supplementary Table 2). 640 

To investigate molecular differences associated with CCC status in patients with CTO, a 641 

differential protein expression analysis using plasma proteome profiles was performed and 642 

categorized into good-CCC and bad-CCC subgroups. Differential protein expression analysis 643 

revealed 25 upregulated and 43 downregulated proteins in patients with good CCC (p value < 644 

0.05; fold change |FC| > 1.5; Figure 2A). Predominantly, good-CCC status was associated with 645 

overexpression of plasma proteins such as ENPP2, SOD1, MIA3, and PSMA1, and with 646 

underexpression of proteins such as DDX5, EPN1, UFD1, TOM1, and UGP2 (Figure 2B and 647 
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2C). To identify molecular signatures of the biological processes associated with different CCC 648 

statuses, plasma protein expression profiles were compared between patients with good-CCC and 649 

those with bad-CCC. Pathway enrichment analysis using the KEGG33, GO-biological process34, 650 

and Reactome35 databases highlighted strong associations between proteasome degradation and 651 

glucose metabolism pathways and the good-CCC group. Conversely, upregulated plasma proteins 652 

in the bad-CCC group were predominantly involved in extracellular matrix organization, MHC 653 

class II antigen presentation, and fatty acid degradation pathways (Figure 2D). These findings 654 

were further validated in the independent validation CTO cohort (Supplementary Figure 7C). To 655 

further investigate the immune microenvironment in patients with CTO and different CCC 656 

statuses, an enrichment analysis of immune cell infiltration was performed in both the discovery 657 

and validation cohorts using CIBERSORTx software. These results revealed that patients with 658 

bad-CCC exhibited higher proportions of infiltrating B cells, CD4 T cells, and NK cells than 659 

patients with good-CCC. This finding further demonstrated increased immune activation in 660 

patients with bad-CCC (Supplementary Figure 7A-7B, 7D), consistent with the pathway 661 

enrichment results. These results suggest a unique plasma proteomic signature in patients with 662 

CTO, characterized by enhanced protein degradation and ion transport in patients with good-CCC 663 

and increased vascular remodeling and immune responses in those with bad-CCC. 664 

The proteomics-based classification model demonstrated high accuracy in predicting CCC 665 

status in patients with CTO. 666 

To identify candidate plasma protein biomarkers for CCC status classification in patients with 667 

CTO, the relative importance scores of 122 differentially expressed proteins were evaluated using 668 

the XGBoost algorithm. The top ten plasma proteins, including SOD1, UFD1, DDX5, MIA3, 669 

TOM1, LMAN2, RAB7A, RAB10, NIF3L1, and ST13P5, demonstrated the highest feature 670 
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importance (Figure 3A; Supplementary Table 3). Feature selection was further performed using 671 

a forward search-based wrapper approach, leveraging previously established feature importance 672 

rankings within the training set. A 5-fold cross-validation method was employed to calculate the 673 

AUC, which served as the model's overall performance evaluation metric. The performance of the 674 

proteomics model demonstrated no improvement in the AUC with the inclusion of the top seven 675 

features (Figure 3B). Consequently, the top six plasma proteins (SOD1, UFD1, DDX5, MIA3, 676 

TOM1, and LMAN2) were selected as key features for the proteomic classification model (Figure 677 

3C). The candidate plasma biomarkers SOD1, MIA3, and LMAN2 were significantly elevated in 678 

the good-CCC group, whereas UFD1, DDX5, and TOM1 were significantly increased in the bad- 679 

CCC group (Figure 3C); these findings were further validated in the external validation cohort 680 

(Supplementary Figure 9E). 681 

Multivariable logistic and linear regression analyses—adjusted for age, sex, smoking status, body 682 

mass index, blood pressure, glycated hemoglobin, and medication history—indentified three risk-683 

associated and three protective proteins, corresponding to the six candidate plasma proteins as 684 

independent biomarkers of CCC status in patients with CTO. Among the upregulated proteins, 685 

TOM1 emerged as the strongest positive predictor of poor CCC status (OR = 2.58, 95% CI: 1.05-686 

4.82, p < 0.001), with each unit increase in TOM1 levels corresponding to a 158% higher risk of 687 

poor CCC status. DDX5 and UFD1 showed the second and third strongest associations (OR = 1.80, 688 

95% CI: 1.12–3.67, p = 0.003; OR = 1.51, 95% CI: 1.12–3.23, p = 0.009), respectively 689 

(Supplementary Figure 8A-8B). These associations remained statistically significant after 690 

adjusting for clinical confounders. Conversely, MIA3, SOD1, and LMAN2 demonstrated 691 

protective effects against poor CCC status. MIA3 exhibited the strongest negative association (OR 692 

= 0.49, 95% CI: 0.16–0.58, p = 0.006), followed by SOD1 (OR = 0.53, 95% CI: 0.22–0.56, p = 693 
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0.012). Multiple linear regression analyses confirmed these protective associations through 694 

significant negative coefficients after adjusting for clinical covariates (Supplementary Figure 695 

8C). These plasma protein biomarkers demonstrated consistent robustness after adjusting for 696 

potential confounders, reinforcing their significant predictive value for CCC status in patients with 697 

CTO.  698 

To optimize the hyperparameters of the XGBoost model, Bayesian optimization was employed 699 

using the tree-structured Parzen estimator algorithm within the training set, with the AUC used as 700 

the evaluation metric. ROC curve analysis of the training and test sets in the discovery cohort 701 

demonstrated robust performance of the proteomics-based classification model, with AUC values 702 

of 0.98 and 0.87, respectively (Supplementary Figure 9A–9C). The corresponding confusion 703 

matrices showed an ROC-AUC of 87.8%, specificity of 85.2%, and sensitivity of 74.0% in the test 704 

set, and an ROC-AUC of 80.4%, specificity of 74.8%, and sensitivity of 79.3% in the external 705 

validation cohort (Supplementary Figure 9D). SHAP analysis further highlighted plasma protein 706 

levels of SOD1, DDX5, and TOM1 as key biomarkers, showing strong associations with the CCC 707 

status in patients with CTO (Figure 3D). These results confirm the model’s strong discriminatory 708 

power for classifying patients based on candidate plasma proteomic biomarkers. 709 

To rigorously assess the performance, generalizability, and clinical utility of the proteomics-based 710 

classification model, both the internal hold-out test set and the external validation cohort were 711 

applied. In the independent multicenter validation cohort comprising 111 patients with CTO, the 712 

model achieved robust predictive performance, with an ROC-AUC of 0.81 (95% CI: 0.76–0.87) 713 

and a PR-AUC of 0.83 (Figure 3E–3F). Furthermore, the model yielded balanced accuracies of 714 

0.83 in the test set and 0.76 in the validation cohort, with F1-scores of 0.82 and 0.71, respectively 715 
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(Figure 3G). These findings confirm the model’s robust and consistent predictive performance 716 

across both internal and external datasets. 717 

To further evaluate clinical utility, the six-protein biomarker panel was compared with a baseline 718 

clinical model using DeLong's test45. The proteomics model significantly outperformed the clinical 719 

model, achieving an AUC of 0.87 (95% CI: 0.78–0.98) versus 0.66 (95% CI: 0.65–0.71) in the test 720 

set (p = 4.3 × 10⁻⁴), and an AUC of 0.80 (95% CI: 0.76–0.87) versus 0.57 (95% CI: 0.55–0.59) in 721 

the external validation cohort (p = 2.1 × 10⁻⁵) (Supplementary Figure 9F–9G). Collectively, 722 

these results demonstrate that integrating plasma proteomic features with an advanced XGBoost 723 

algorithm yields a robust, generalizable, and clinically superior model for predicting CCC status 724 

in patients with CTO. 725 

Machine learning integrates clinical and proteomic features for enhanced CCC prediction 726 

In this study, identifying a comprehensive set of biomarkers associated with CCC status in patients 727 

with CTO was the focus, encompassing both clinical and proteomic data. Although the proteomic 728 

feature-based model individually achieved excellent performance, this study sought to further 729 

enhance prediction accuracy by integrating biomarkers from multiple platforms using a machine 730 

learning framework (Figure 4A). The multi-platform CCC status prediction model was trained 731 

using combined features from clinical and proteomic profiles, including basophil count, medical 732 

history duration, serum chloride levels, serum HDL-C levels, RDW, and candidate plasma protein 733 

biomarkers, namesly SOD1, UFD1, DDX5, MIA3, TOM1, and LMAN2.  734 

Therefore, the trained combined model exhibited excellent classification performance, with an 735 

AUC of 0.91 (95% CI: 0.87–0.93) in the test set of the discovery dataset. In the external 736 

independent cohort, the combined model achieved an AUC of 0.82 (95% CI: 0.79–0.84) (Figure 737 
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4B), demonstrating good generalizability to previously unseen CTO datasets. The performance of 738 

the combined classification model, which integrated both clinical and proteomic features, 739 

demonstrated significant improvement compared with single-platform models based solely on 740 

clinical or proteomic data (p < 0.05, DeLong's test; Figure 4C). Furthermore, confusion matrix 741 

analysis revealed high sensitivity (90.9%) and specificity (92.3%) for identifying patients with 742 

good-CCC status in the discovery dataset (Figure 4D). This performance generalized well to the 743 

external validation cohort, with 81.4% sensitivity and 84.2% specificity (Figure 4E). These 744 

findings highlighted the combined model's enhanced performance in accurately classifying CCC 745 

status in patients with CTO based on multi-platform features. 746 

To develop a clinically operable and interpretable model, a simplified single-tree XGBoost model 747 

was constructed using integrated features. The simplified model yielded a classification decision 748 

tree structure (Figure 4F). For model benchmarking, the performance of the single-tree and 749 

multitree XGBoost classification models were compared with that of other machine learning 750 

algorithms, including random forest, decision tree, and logistic regression. Overall, multitree 751 

models outperformed single-tree models. The single-tree XGBoost model exhibited excellent 752 

performance and generalizability, with AUC values of 0.86 and 0.82 in the test set and external 753 

validation cohort, respectively. Notably, the performance of the single-tree XGBoost model 754 

combining clinical and proteomic features significantly surpassed that of models based solely on 755 

clinical or proteomic features (Figure 4G). Despite using a single-tree method, the model 756 

exhibited high classification accuracy, highlighting its strong ability to classify the CCC status in 757 

patients with CTO. Ultimately, the model combining with multi-platform features demonstrated 758 

excellent classification performance, highlighting its promising potential for the clinical diagnosis 759 

and classification of CTO. 760 
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ELISA validation for clinical applicability and generalizability in an independent large-scale 761 

validation cohort 762 

To verify the robustness and reproducibility of the proteomic findings, additional validations werer 763 

conducted using ELISA in both the discovery and independent external cohorts. SOD1, MIA3, 764 

and LMAN2 were significantly elevated in the good-CCC group, whereas UFD1, DDX5, and 765 

TOM1 were higher in the bad-CCC group. The expression patterns of all six biomarkers were 766 

consistent across both analytical methods, with statistically significant differences observed for 767 

each biomrker (Supplementary Figure 10A-10B). Building on these results, an ELISA-based 768 

classification model was developed to predict CCC status. The model achieved strong predictive 769 

performance in the external validation cohort, with an AUC of 0.78 (95% CI: 0.77–0.93), an 770 

AUPRC of 0.79 (95% CI: 0.77–0.81), an accuracy of 0.72, and an F1-score of 0.74 771 

(Supplementary Figure 10C–10E; Supplementary Figure 10F–10H). 772 

To further evaluate generalizability in a broader clinical setting, an independent large-scale cohort 773 

of 291 patients with CTO was recruited from a separate medical center (55% male, mean age 65 774 

± 10 years; 54% good-CCC, 46% bad-CCC) (Supplementary Table 1). Consistent with prior 775 

results, ELISA validation revealed that SOD1, MIA3, and LMAN2 were significantly elevated in 776 

the good-CCC group, whereas UFD1, DDX5, and TOM1 were higher in the bad-CCC group 777 

(Supplementary Figure 11A). The ELISA-based classification model maintained high 778 

performance in this cohort, achieving an AUC of 0.75 (95% CI: 0.73–0.77) and an AUPRC of 0.78 779 

(95% CI: 0.77–0.81) (Supplementary Figure 11B–11D). Collectively, these results provide 780 

compelling evidence that the six plasma protein biomarkers are robust, reproducible, and clinically 781 

generalizable predictors of CCC status across diverse populations of patient with CTO. 782 
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Proteomic analysis revealed molecular features associated with MACCE and established a 783 

predictive risk model for patients with CTO  784 

Accurate prediction of MACCEs is essential for optimizing treatment strategies in patients with 785 

CTO. To elucidate plasma proteomic characteristics associated with MACCEs, a comprehensive 786 

correlation analysis was conducted between protein expression levels and MACCE occurrence. A 787 

total of 234 proteins were positively correlated with MACCEs, suggesting a potential role in 788 

disease progression, whereas 163 proteinswere negatively correlated, indicating potential 789 

protective effects (Figure 5A, Supplementary Figure 12A, and Supplementary Table 4). 790 

Pathway enrichment analysis revealed that positively correlated proteins were primarily involved 791 

in immune activation–related pathways, including complement and coagulation cascades, the 792 

innate immune system, and extracellular matrix organization, which may accelerate disease 793 

progression through inflammation and vascular remodeling. Conversely, negatively correlated 794 

proteins were enriched in metabolic pathways such as the pentose phosphate pathway, the Warburg 795 

effect, and fat-soluble vitamin metabolism (Figure 5B), suggesting that impaired energy 796 

metabolism may contribute to cellular dysfunction in patients with CTO.  797 

To determine whether clinical intervention-related factors influenced MACCE outcomes, the 798 

effects of vessel reperfusion status was assessed. Comparative analyses of MACCE incidence and 799 

survival between these subgroups revealed no significant differences (Supplementary Figure 800 

12C–12F), suggesting that clinical intervention alone may not substantially affect long-term 801 

MACCE risk in patients with CTO. 802 

Building on these findings, a multistep Cox regression analysis was conducted to construct a 803 

plasma proteome–based MACCE risk prediction model. Univariate Cox regression identified 138 804 

candidate proteins that were significantly associated with MACCEs. Subsequent LASSO–Cox 805 
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regression minimized overfitting and selected 31 core proteins, from which nine key proteins were 806 

retained through multivariable analysis (Figure 5C, Supplementary Figure 12B). Elevated levels 807 

of CPM, F10, NDUFAF3, and MAVS were associated with increased MACCE risk, whereas 808 

higher levels of ITGB4, MASP1, IGHV1-46, AP3B1, and ABI3BP were associated with reduced 809 

risk. Based on these proteins, a nine-protein LASSO risk score model was developed that 810 

effectively stratified patients into high- and low-risk groups (Figure 5D). Patients with high-risk 811 

scores had significantly poorer outcomes, with a hazard ratio (HR) of 5.324 (95% CI: 3.648–6.412, 812 

p < 0.0001) for overall MACCE-free survival (Figure 5E). Multivariate analysis confirmed the 813 

LASSO score as an independent prognostic predictor of OS. 814 

To validate the performance of the established model, the predictive ability of the model was 815 

rigorously assessed using time-dependent ROC analysis in an independent external validation 816 

cohort of 110 patients with CTO. The results demonstrated that the identified biomarkers exhibited 817 

strong prognostic value at 12-, 24-, and 48-month follow-up intervals. The model achieved AUC 818 

values of 0.79, 0.91, and 0.92 for 1-year, 2-year, and 4-year MACCE risk prediction, respectively 819 

(Figure 5F). The recalibrated models showed improved calibration, with observed MACCE risk 820 

closely aligning with predicted values at each time point (Supplementary Figure 12G). Notably, 821 

the recalibrated models outperformed the initial models, indicating enhanced predictive accuracy. 822 

These findings underscore the robustness and long-term reliability of the MACCE risk prediction 823 

model, demonstrating consistent and excellent prediction performance across follow-up periods. 824 

To assess clinical applicability, individual risk scores were calculated for all patients in the external 825 

independent validation cohort. These 110 patients were stratified into high- and low-risk groups 826 

based on their mesian LASSO scores. Kaplan‒Meier survival curve analysis and log-rank tests 827 
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demonstrated significantly greater survival in the low-risk group than in the high-risk group (P < 828 

0.0001, Figure 5E).  829 

Taken together, a nine plasma protein-based model was developed that accurately predicts 830 

MACCE risk and effectively stratifies patients with CTO into prognostic subgroups. This 831 

proteomics-driven model demonstrates strong predictive performance, independence from clinical 832 

intervention factors, and excellent reproducibility, highlighting its potential for early risk 833 

identification and personalized management of patients with CTO. 834 

Discussion 835 

The global burden of CAD underscores the necessity for innovative diagnostic and therapeutic 836 

strategies. While CCC acts as a natural bypass in the setting of coronary obstruction, the underlying 837 

molecular mechanisms and relevant clinical markers remain elusive. Traditionally, research om 838 

CCC has been predominantly observational, offering limited insight into molecular mechanisms 839 

or clinically actionable markers. In this study, a label-free, quantitative proteomic approach using 840 

DIA was employed to elucidate a distinct plasma proteomic signature associated with CCC status 841 

in patients with CTO. A strong association was found between protein degradation and ion 842 

transport pathways and good-CCC status, whereas immune responses and vascular remodeling 843 

pathways predominanted in patients with bad-CCC. Furthermore, classification models were 844 

established using a panel of non-invasive plasma protein biomarkers combined with clinical data, 845 

achieving high predictive accuracy in identifying CCC status in patients with CTO. The models 846 

were validated in an independent external validation cohort and demonstrated excellent 847 

classification performance and generalizability. 848 
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Consistent with previous studies, several clinical biochemical indicators were associated with 849 

cardiovascular disease. Specifically, RDW correlated with carotid atherosclerosis47, serum 850 

chloride served as a prognostic marker in heart failure,48 and basophil count was associated with 851 

higher mortality in stable CAD49. Patients with CTO and poor collateral circulation (bad-CCC) 852 

generally exhibited longer medical histories, suggesting a chronic pattern of disease progression. 853 

Therefore, early and accurate classification of patients with CTO may improve treatment 854 

efficiency and clinical management. In contrast, patients with CTO and good-CCC showed 855 

significantly higher PT activity and HDL-C levels. Importantly, previous research has consistently 856 

shown that low HDL-C is a recognized risk factor for CAD and adverse outcomes50, 51. These 857 

findings highlight the potential of key clinical biochemical markers to serve as a valuable clinical 858 

basis for risk stratification and individualized management in patients with CTO. 859 

Plasma and serum are rich sources of proteins that are commonly used for clinical proteomic 860 

profiling and biomarker discovery52. The biological plausibility of proteomic models is high, 861 

because proteins orchestrate biological processes that, under adverse conditions, lead to disease 862 

and its clinical manifestations53. Proteins link the effects of genes with the environment, age, 863 

comorbidities, lifestyle factors, and pharmacologic therapies, making them proximate to disease 864 

pathogenesis and clinical outcomes. Unlike traditional risk factors, many of which are 865 

nonmodifiable (e.g., age, sex, history of diabetes, and hypertension), proteins are well-suited for 866 

risk modeling because their expression can change with physiological conditions54. Proteomic 867 

profiling revealed 25 upregulated and 43 downregulated proteins in patients with CTO with good 868 

CCC. Further analysis demonstrated a strong association between proteasome degradation and 869 

glucose metabolism pathways in patients with good CCC. In contrast, upregulated plasma proteins 870 

in the bad-CCC cohort were predominantly involved in extracellular matrix organization and MHC 871 
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class II antigen presentation pathways. Previos studies have reported that proteasome degradation 872 

can promote angiogenesis55. In recent years, the role of endothelial cell metabolism in angiogenesis 873 

has received considerable attention. Accumulating evidence suggests that endothelial cells rely on 874 

aerobic glycolysis, rather than oxidative phosphorylation, to generate ATP during angiogenesis56. 875 

Understanding these roles and underlying mechanisms will facilitate the development of new 876 

therapeutic strategies to modulate CCC formation during coronary occlusion. 877 

The prevailing gold standard for evaluating CCC in patients with CTO involves an invasive 878 

method for determining the CFI14. Coronary arteriography is also extensively utilized for direct 879 

CCC assessment; however, its invasive nature may pose potential risks for specific patient 880 

groups57. Therefore, identifying non-invasive CCC biomarkers is imperative for accurately 881 

classifying  CCC status and facilitating risk stratification in patients with CTO. Precise 882 

determination of CCC status enables physicians to tailor treatment strategies, which may yield 883 

substantial clinical benefits and improve quality of life for individuals with CTO58. Recently, mass 884 

spectrometry-based proteomic analysis has emerged as a robust method for identifying non-885 

invasive circulating biomarkers in body fluids or plasma59 and has become instrumental in the 886 

diagnosis and classification of clinical diseases26, 60. Given the limitations of invasive CCC 887 

assessment methods, such as coronary arteriography and CFI measurement14, there remains an 888 

unmet need for reliable non-invasive biomarkers. Leveraging the high sensitivity and biological 889 

relevance of plasma proteomics, a clinical baseline model was developed, along with a six-protein 890 

proteomic model, and an integrated multi-platform model. Notably, the proteomic model 891 

substantially outperformed the clinical model, and the integrated classifier achieved the highest 892 

predictive performance (AUC = 0.91 in the test set; AUC = 0.82 in an external validation cohort). 893 
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These results highlight the translational potential of plasma-based proteomic classifiers for non-894 

invasive CCC assessment and individualized clinical management of CTO. 895 

While patients with poor collateral circulation  exhibit a higher incidence of MACCEs, the timing 896 

of these events varies widely within both good and bad-CCC groups. This variability highlights 897 

the need for individualized risk prediction, as a purely categorical approach based solely on CCC 898 

status is insufficient for precise clinical decision-making. To address this limitation, this study 899 

extended its framework to develop a prognostic model specifically designed to predict MACCEs 900 

in patients with CTO. Accurately predicting the timing of MACCEs is crucial for enaling timely 901 

interventions and optimizing therapeutic strategies, ultimately improving patient outcomes. While 902 

traditional risk factors and CCC status provide valuable insights into event risk, the ability to 903 

forecast the exact timing of these events remains a significant challenge. Recent biomarker 904 

discovery efforts have embraced a systems-wide approach that integrates machine learning and 905 

MS-based proteomics, to link circulating protein levels with organ dysfunction61,17,18. Its 906 

application to large patient cohorts, combined with its robustness, positions this approach as an 907 

effective clinical biomarker discovery platform62. This study demonstrated the potential of a 908 

plasma protein-based signature to accurately predict MACCEs in patients with CTO. This non-909 

invasive approach, which achieved a high AUC of 0.98 and 0.96 for one- and three-year forecasts, 910 

respectively, offers a powerful tool and holds promise for personalized risk stratification and 911 

improved clinical management. 912 

Despite these promising results, several limitations warrant careful consideration. First, although 913 

a multicenter clinical cohort design was employed, the overall sample size remained relatively 914 

small, which may limit the generalizability of these findings. While the current sample size is 915 

statistically adequate to support data-driven biological discovery in CTO research, further 916 



 43 

validation in larger and more diverse patient populations is essential before these biomarkers can 917 

be translated into clinical practice. Such efforts would contribute to the development of more 918 

robust and generalizable clinical prediction models. At the mechanistic level, although the present 919 

study identified molecular pathways associated with CCC, the clinical relevance of these findings 920 

requires confirmation through prospective interventional studies. In particular, in-depth 921 

mechanistic investigations are needed to elucidate the specific molecular roles of these pathways 922 

in CCC formation. Moreover, the cross-sectional design of this study limited the current 923 

understanding of the dynamic progression of CCC. As samples were collected at a single time 924 

point, the study could not fully capture the gradual biological processes underlying collateral 925 

vessel development. Future research should prioritize longitudinal cohort studies with continuous 926 

proteomic monitoring to enhance the reliability of biomarker discovery and clarify the temporal 927 

relationship between molecular changes and CCC progression, ultimately informing more accurate 928 

patient stratification and personalized treatment strategies in CTO.  929 

Conclusion 930 

This study represents a seminal effort to employ integrated proteomics and machine learning 931 

techniques to unravel the complexity of CCC in patients with CTO and  bridge a critical gap in 932 

understanding CCC in the context of CTO. Key protein biomarkers and plasma proteome 933 

signatures associated with CCC were elucidated, thereby providing a molecular explanation for 934 

the observed complex traits and paving the way for novel therapeutic strategies. Importantly, 935 

machine learning models based on plasma proteomic profiles outperformed existing clinical 936 

models in predicting CCC status. The developed risk prediction model for MACCEs provides a 937 

non-invasive approach for early stratification of patients at high risk of CTO. Future work should 938 
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focus on functional validation of the identified protein markers and the development of targeted 939 

therapies aimed at modulating CCC.  940 
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Figure Legends 

Figure 1. Overview of the research workflow and study design. 

Figure 1A: Representation of the research workflow, beginning with the collection of two 

independent prospective cohorts of patients with CTO (discovery cohort: n = 124 patients recruited 

from the First Affiliated Hospital of Xinjiang Medical University; validation cohort: n = 111 

patients recruited from the People’s Hospital of Xinjiang Uygur Autonomous Region Hospital). 

Plasma samples were isolated from peripheral blood collected from patients with CTO. The 

isolated proteins were then enzymatically digested with trypsin. The resulting peptides were 

desalted using a pre-prepared C18 column and subsequently aliquoted for mass spectrometry 

analysis. Finally, we analyzed biological mechanisms based on plasma proteomics and constructed 

machine learning-based classifiers and predictive models. 

Figure 1B: The heatmap displays the Spearman correlations of the clinical features in the discovery 

cohort. 

Figure 1C: Bar plot illustrating the top 12 clinical features based on the XGBoost model; the X-

axis depicts the relative importance of the model features. 

Figure 1D-E: Violin plot illustrating the distributions of clinical features in the good-CCC and bad-

CCC groups. 

Figure F: The receiver operating characteristic (ROC) curves for the training and test datasets, 

derived from the discovery cohort (121 patients with CTO), represent a 70/30 split for the training 

and testing datasets, respectively. The model was further evaluated in the external independent 

validation cohort. 

Figure G: Bar plot illustrating the performance metrics comparison of the XGBoost classifier 

model based on clinical features. 

 

Figure 2. Proteome profiling revealed molecular characteristics associated with diverse CCC 

status. 



Figure 2A: Schematic showing the triage of plasma proteins to identify differentially expressed 

proteins and candidate biomarkers for CTO patients. 

Figure 2B: Volcano plot showing the identified significantly differentially expressed proteins 

between good-CCC and bad-CCC groups (Benjamini‒Hochberg adjusted p < 0.05). Red and blue 

indicate plasma proteins that were upregulated and downregulated, respectively, in the good-CCC 

subgroup. 

Figure 2C: Heatmap illustrating the significantly differentially expressed plasma proteins. 

Figure 2D: Pathway enrichment analysis revealing pathways significantly enriched in good-CCC 

(blue) and bad-CCC (red) patients with CTO. A p value < 0.05 was considered significant. 

Figure 3. Development of a classification model utilizing plasma proteomics data to predict 

CCC status in patients with CTO. 

Figure 3A: The bar chart depicts the top 12 plasma proteins identified by multiple baseline models 

(XGBoost, random forest, LightGBM, CatBoost, SVC, and logistic regression) as the most 

important features. The feature importance is represented by the average absolute value of multiple 

baseline models for each feature, ranked from highest to lowest. The error bars indicate the 

standard errors of the importance estimates. 

Figure 3B: The feature pyramid graph illustrating the AUC score improvement of feature selection 

based on plasma protein profiling. A multitree XGBoost model utilizing the top-X features from 

121 CTO samples was trained with specific parameters: a maximum depth of 4, a learning rate of 

0.2, and a regularization parameter (α) value of 1. 

Figure 3C: The boxplot shows that the candidate protein plasma biomarkers exhibited significant 

differences between the good-CCC (blue) and bad-CCC (green) subgroups of CTO patients. 

Student’s t-test was used to assess statistical significance, considering p-values < 0.05 to indicate 

statistical significance. 

Figure 3D: The distribution of SHAP (Shapley Additive exPlanations) values illustrates the impact 

of individual features on the model’s output. This scatter plot visualizes the impact of individual 

features on the model's output, with the SHAP values plotted on the x-axis. Each dot represents a 

sample, where its position on the x-axis indicates the SHAP value and, hence, the magnitude and 

direction of the feature's impact. Features are listed on the y-axis and are color-coded; pink 



indicates a higher feature value, and blue indicates a lower feature value. The distribution of SHAP 

values for each feature illustrates the variability of the feature's influence across the dataset. 

Figure 3E: The receiver operating characteristic (ROC) curves for the proteome XGBoost classifier 

model on the training and test datasets and the external independent validation cohort. 

Figure 3F: Precision-Recall curves for the XGBoost model in the test set (orange) and an external 

validation cohort (green). The model demonstrates strong classification performance, with an Area 

Under the Curve (AUC) of 0.9 (95% CI: 0.88–0.92) in the test set and an AUC of 0.83 (95% CI: 

0.81–0.85) in the external validation cohort. These results highlight the model's robustness and 

potential clinical applicability for CCC classification. 

Figure 3G: Bar plot illustrating the performance metrics comparison of the XGBoost classifier 

model based on the candidate plasma biomarkers. 

Figure 4. Prediction of CTO patients’ CCC status with an ensemble machine learning model 

integrating clinical and proteomics data. 

Figure 4A: Schematic of the machine learning framework. CV, cross-validation.  

Figure 4B: The receiver operating characteristic (ROC) curves for the test set and the external 

independent validation cohort, respectively, with the combined clinical and plasma proteome 

features. 

Figure 4C: The ROC curves demonstrate the superior generalization performance of the 

constructed ensemble classification model that combines clinical and plasma proteome features, 

compared to models based solely on either clinical or plasma proteome features. 

Figure 4D-4E: Confusion matrix of the constructed ensemble classification model in the test set 

and the external independent validation cohort. 

Figure 4F: A decision rule using the combined clinical and plasma protein features and their 

absolute threshold values. 

Figure 4G: The model's classification performance was benchmarked by comparing the AUC of 

XGBoost with those of logistic regression, random forest, and decision tree models. The bar plot 

illustrates these comparisons, showcasing single-tree models in the left and multitree models in 

the right. The models were trained using combined clinical and plasma proteome features, with 



each model being iterated 100 times using different random number seeds to assess the robustness 

of these models. 

Figure 5. The development of a MACCE risk prediction model for CTO patients utilizing 

plasma proteomic data. 

Figure 5A: The volcano plot demonstrates a significant correlation between plasma proteins and 

MACCEs. A p value < 0.05 and an absolute value of Pearson's correlation coefficient > 0.3 were 

considered significant. 

Figure 5B: Pathway enrichment analysis of positively (red) and negatively (blue) proteins 

correlated with MACCEs in CTO patients. A p value < 0.05 was considered significant. 

Figure 5C: Forest plots of the multivariate Cox regression analyses in the discovery cohort. 

Figure 5D: Establishing an optimal proteomics-level MACCE risk model using LASSO–Cox 

regression. The heatmap displays the protein abundance of these 9 plasma proteins in each patient 

with CTO. The bottom scatter plot presents the LASSO score across CTO patients, with patients 

ordered according to their LASSO score. The CTO patients were then stratified into two risk 

groups based on the median LASSO score. 

Figure 5E: Kaplan–Meier survival curves comparing survival free from MACCEs between the 

independent validation cohort's LASSO score-low and score-high groups. P values were calculated 

using the log-rank test. 

Figure 5F: The time-dependent ROC curves of the predicted plasma protein signature in the 

independent validation cohort. 

Supplementary Figure 1. Performance of the XGBoost classification model using clinical 

features. 

Supplementary Figure 1A: Flow diagram of cohort recruitment and analysis. Patients with chronic 

total occlusion (CTO) were consecutively enrolled from three independent cohorts: the Discovery 

Cohort (First Affiliated Hospital of Xinjiang Medical University, 2017–2019; n = 338), Validation 

Cohort 1 (People’s Hospital of Xinjiang Uygur Autonomous Region, 2019–2023; n = 268), and 

Validation Cohort 2 (People’s Hospital of Xinjiang Uygur Autonomous Region, 2020–2023; n = 

468). Patients were excluded for prior coronary artery bypass grafting, acute myocardial infarction, 



complications of active infectious disease, rheumatologic disease or malignancy, and 

unavailability of Rentrop grades. After exclusions, 216, 158, and 177 eligible CTO patients were 

identified in the Discovery Cohort, Validation Cohort 1, and Validation Cohort 2, respectively. 

Additional exclusions were made for absence of clinical information or failure to meet quality-

control (QC) criteria. The final analyses included 122 patients in the Discovery Cohort, 110 

patients in Validation Cohort 1, and 291 patients in Validation Cohort 2. Associations with coronary 

collateral circulation (CCC) were investigated across clinical features, plasma proteome profiling, 

and ELISA validation of candidate proteins, with plasma proteomics performed only in the 

Discovery and Validation Cohort 1. 

Supplementary Figure 1B-1C: The confusion matrix of the constructed XGBoost classification 

model for the training, test, and the external independent validation cohort sets. 

Supplementary Figure 1D: Precision-Recall curves for the XGBoost model in the test set (orange) 

and an external validation cohort (green).  

Supplementary Figure 2. Schematic workflow for developing the CCC machine learning 

model and evaluating it in the external independent validation cohort. 

Supplementary Figure 2A: The discovery cohort was divided into a training set (70%) and a test 

set (30%) with the stratified random split approach during model derivation. The feature selection 

was conducted on the training set to identify the most significant features contributing to the 

model's performance in distinguishing between different classes. Subsequently, hyperparameter 

optimization was performed on the training set, and the optimal parameters were selected. In the 

machine learning architecture, hyperparameters were tuned using the Bayesian optimization with 

the tree-structured Parzen estimator (TPE) algorithm, employing five-fold cross-validation. Finally, 

the final models were then tested on external, independent, unseen datasets to evaluate their 

generalizability performance. The external independent validation CTO cohorts (n = 110 samples). 

Supplementary Figure 3. Multivariate analyses for the clinical risk factors with CCC status 

in patients with CTO. 

Supplementary Figure 3A: Logistic regression analysis of clinical factors associated with CCC 

status, presenting odds ratios (ORs) with 95% confidence intervals (CIs). Basophil count, chlorine 



levels, medical history duration, and PT activity were identified as independent predictors of CCC 

status. Statistically significant p-values (p < 0.05) are indicated. 

Supplementary Figure 3B: Multiple linear regression analysis of the same clinical factors. 

Coefficients are shown with 95% CIs, with significant p values (p < 0.05) indicated. 

Supplementary Figure 3C: Multiple linear regression analysis of the same clinical factors, adjusted 

for potential confounders, including age, sex, smoking status, body mass index (BMI), blood 

pressure, glycated hemoglobin, and medication history. Coefficients are shown with 95% CIs, with 

significant p values (p < 0.05) indicated. 

Supplementary Figure 4. Quantitative and qualitative analysis of plasma proteomics-based 

proteins in the CTO cohort. 

Supplementary Figure 4A-4B: The bar plot illustrates the quantified protein numbers in the 

discovery and validation cohorts. 

Supplementary Figure 4C-4D: The scatter plot illustrates the protein dynamic range in the 

discovery and validation cohorts. 

Supplementary Figure 4E-4F: The boxplot depicts the distribution of quantified protein LFQ 

intensity in the discovery and validation cohorts. 

Supplementary Figure 5. Quality control of the proteomics data of the CTO discovery and 
validation cohorts. 

Supplementary Figure 5A-5B: Pearson correlation analysis of the quality control data of the CTO 

discovery and validation cohorts. 

Supplementary Figure 5C-5D: The density plot illustrates the distribution of label-free 

quantification (LFQ) abundance in the quality control data for both the CTO discovery and 

validation cohorts. 

Supplementary Figure 5E-5F: Principal component analysis (PCA) was employed to detect batch 

effects in the CTO proteomic data from both the discovery and validation cohorts. 

Supplementary Figure 5G-5H: The density plot depicts the distribution of LFQ abundance across 

the proteomic profiling data of the CTO patients in both the discovery and validation cohorts. 

Supplementary Figure 6. Data Completeness Analysis for Proteomic Dataset. 



Supplementary Figure 6A: Histogram showing the distribution of data completeness across 

proteins. The x-axis represents the data completeness, defined as the proportion of non-missing 

values, while the y-axis indicates the proportion of proteins with corresponding data completeness. 

Most proteins have data completeness close to 1.0, with a significant proportion showing 

completeness between 0.9 and 1.0.  

Supplementary Figure 6B: Density plot illustrating the data completeness distribution. The plot 

shows peaks around completeness values of 0.7 and 1.0, indicating clusters of proteins with 

relatively high completeness.  

Supplementary Figure 6C: Table RL1 summarizes the data completeness by bin centers. The table 

includes the bin center for data completeness, the number of proteins in each bin, and the 

proportion of total proteins. Notably, 45.5% of proteins exhibit 100% data completeness, 36.4% 

of proteins exhibit 70%-90% data completeness, while only smaller proportions of proteins have 

completeness between 0.5 and 0.6. 

 

Supplementary Figure 7. Proteome profiling revealed molecular characteristics associated 

with diverse CCC statuses. 

Supplementary Figure 7A: The stacked plot shows the proportions of infiltrating immune cell types 

identified with CIBERSORT in the discovery cohort. 

Supplementary Figure 7B: Bar plot depicting the cell composition differences between the good-

CCC (green) and bad-CCC (red) subgroups of CTO patients in the discovery CTO cohort. 

Supplementary Figure 7C: Pathway enrichment analysis revealing significantly enriched pathways 

related to good-CCC (red) and bad-CCC (blue) in CTO patients in the independent validation 

cohort. A p value < 0.05 was considered significant. 

Supplementary Figure 7D: Bar plot depicting the differences in cell composition between the 

good-CCC (red) and bad-CCC (green) subgroups of CTO patients in the independent validation 

cohort. 

Supplementary Figure 8. Multivariate analyses on the candidate plasma protein biomarkers 
to adjust for confounding factors. 



Supplementary Figure 8A: Logistic regression analysis of candidate plasma protein biomarkers 

associated with CCC status, presenting odds ratios (ORs) with 95% confidence intervals (CIs). 

TOM1, DDX5, UFD1, LMAN2, SOD1, and MIA3 were identified as independent predictors of 

CCC status. Statistically significant p values (p < 0.05) are indicated. 

Supplementary Figure 8B: Multiple linear regression analysis of the candidate plasma biomarkers. 

Coefficients are shown with 95% CIs, with significant p values (p < 0.05) indicated. 

Supplementary Figure 8C: Multiple linear regression analysis of the candidate plasma protein 

biomarkers, adjusted for potential confounders, including age, sex, smoking status, body mass 

index (BMI), blood pressure, glycated hemoglobin, and medication history. Coefficients are shown 

with 95% CIs, with significant p values (p < 0.05) indicated. 

Supplementary Figure 9. Hyperparameter optimization in the classification model and 

evaluating its performance. 

Supplementary Figure 9A: XGBoost training and test accuracy. This line graph depicts the training 

and test accuracy of an XGBoost model over 250 iterations. The blue and orange lines represent 

the training and test accuracy, respectively, indicating the model's performance stability across 

iterations. 

Supplementary Figure 9B: Training loss and test accuracy over iterations. This dual-axis line graph 

presents the training log loss (red line) and test accuracy (blue line) over 250 iterations. The left y-

axis represents the training log loss, while the right y-axis shows the test accuracy. This 

visualization depicts the model's convergence, aiming to minimize loss while maximizing accuracy. 

Supplementary Figure 9C: Training and validation loss curves for the XGBoost model across 

boosting iterations. The blue line represents the loss on the training set, while the orange line shows 

the loss on the validation set. Both curves demonstrate rapid convergence within the first 50 

iterations, with the training loss continuing to decrease and the validation loss stabilizing after 

approximately 100 iterations, indicating an appropriate early stopping point to prevent overfitting. 

Supplementary Figure 9D: The confusion matrix demonstrating the generalization performance of 

the developed proteome classification models on the test set and the external independent 

validation cohort. 



Supplementary Figure 9E: Boxplot depicting the distribution of candidate protein plasma 

biomarkers between the good-CCC (cyan) and bad-CCC (navy) subgroups of CTO patients in the 

validation cohort. 

Supplementary Figure 9F: Receiver-operating characteristic curves for the clinical and proteome 

models applied on the test set and the external independent validation cohort.  

Supplementary Figure 9G: Comparison between AUCs of the clinical and proteome models. The 

measure of the center is the parameter estimate, and error bars represent 95% DeLong confidence 

intervals. The p-value was calculated using the DeLong’s test. 

Supplementary Figure 10. ELISA validation of candidate plasma biomarkers in the ELISA-

based discovery and validation cohorts. 

Supplementary Figure 10A-10B: Box plots depicting the ELISA validation of candidate plasma 

biomarkers in the discovery and validation cohort of CTO patients, stratified by good CCC group 

(light blue) and poor CCC group (blue). Statistical significance was assessed using Student's t-test, 

with p-value < 0.05 considered statistically significant. 

Supplementary Figure 10C, 10F: ROC curves for the XGBoost classifier model based on 

proteomic data and ELISA discovery and validation cohorts, respectively. 

Supplementary Figure 10D, 10G: Precision-Recall (PR) curves for the XGBoost classifier model 

using proteomic data and ELISA on the discovery and validation cohort.  

Supplementary Figure 9E, 10H: Comparison of performance metrics with error bars for different 

datasets (Proteome vs. ELISA). The metrics include ROC-AUC, PR-AUC, accuracy, precision, 

recall, F1-score, MCC (Matthews correlation coefficient), sensitivity, and specificity. The blue bars 

represent the proteome-based model, the green bars represent the ELISA-based model, and the 

light blue bars represent the validation set. Error bars indicate standard deviation across the metrics. 

Supplementary Figure 11. ELISA Validation of candidate plasma biomarkers in the external 

validation cohort 2. 

Supplementary Figure 11A: Box plots depicting the ELISA validation of candidate plasma 

biomarkers in another external validation cohort of CTO patients, stratified by good CCC group 

(light blue) and poor CCC group (blue). 



Supplementary Figure 11B: ROC curves of the XGBoost classifier model based on proteomic data 

and ELISA results from validation cohorts 1 and 2. The orange curve denotes classifier 

performance in the discovery cohort using proteomic data, while the green and blue curves indicate 

performance based on ELISA measurements in validation cohorts 1 and 2, respectively. 

Supplementary Figure 11C: Precision–Recall (PR) curves of the XGBoost classifier model based 

on proteomic and ELISA data from validation cohorts 1 and 2. The orange curve shows the PR 

performance (AUPRC) of the proteomic model, whereas the green and blue curves indicate the 

ELISA-based performance in validation cohorts 1 and 2, respectively. Mean AUPRC values for 

both models are shown with 95% confidence intervals. 

Supplementary Figure 11D: Comparison of performance metrics with error bars across different 

datasets (proteomic vs. ELISA). Metrics include ROC–AUC, PR–AUC, accuracy, precision, recall, 

F1 score, Matthews correlation coefficient (MCC), sensitivity, and specificity. Blue bars indicate 

the proteome-based model, whereas green and light blue bars represent ELISA-based validation 

cohorts 1 and 2, respectively. Error bars denote the standard deviation of each metric. 

Supplementary Figure 12. Development of a risk prediction model for MACCEs in CTO 

patients based on plasma proteomic data. 

Supplementary Figure 12A: Schematic showing the triage of plasma proteins to identify survival-

related plasma proteins and candidate biomarkers for predicting CTO patients’ MACCEs. 

Figure 12B: LASSO coefficient profiles of the 19 survival-related plasma proteins. 

Figure 12C: The stacked plot illustrates the distribution of MACCEs in the vessel reperfusion 

status and revascularization method subgroups. 

Figure 12D-12E: The Kaplan–Meier survival curves comparing survival free from MACCEs in 

the vessel reperfusion status and revascularization method subgroups. 

Figure 12F: Calibration plots for the MACCE risk prediction model at 1-year, 2-year, and 4-year 

time points. Each plot compares the observed versus predicted MACCE risk, with calibration 

curves plotted for different time points. For each time point, the black line represents perfect 

calibration, while the blue dots represent the observed risk at specific predicted values. The results 

indicate excellent calibration with observed MACCE risk closely aligning with predicted risk for 

each time period, demonstrating the model's robust performance in risk prediction. 
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