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Background: Acute ischemic stroke (AIS) is a significant global health concern, with cervical artery dissection (CAD) being 
a notable yet frequently overlooked cause, particularly in young adults. Despite advancements in imaging technologies, there remains 
a deficiency in effective methodologies for the prompt identification of AIS attributable to CAD. This research aims to create 
a predictive model combining clinical, imaging, and laboratory data to improve risk stratification and guide timely interventions.
Methods: Between 2019 and 2024, patients diagnosed with CAD were enrolled in the study. Nomogram models were constructed 
utilizing a two-step methodological approach. Initially, the least absolute shrinkage and selection operator (LASSO) regression 
analysis was utilized to improve variable selection. Subsequently, logistic regression analysis was conducted to develop an estimation 
model using the significant indicators identified by the LASSO. The model’s accuracy was evaluated using the application of receiver 
operating characteristic (ROC) curves, calibration curves, decision curve analyses, and clinical impact curves. The model underwent 
internal validation through bootstrap resampling with 1,000 iterations.
Results: In the cohort of 102 patients, 75 individuals with CAD experienced had an acute ischemic stroke. This cohort was 
characterized by a significantly older median age (42 years vs 51 years, p=0.041) and a comparable proportion of males (78.7% vs 
74.1%,p=0.825). The analysis identified hyperlipidemia (aOR=0.19, 95% CI=0.040–0.893, p=0.036), lumen occlusion (aOR=5.41, 
95% CI=1.236–23.648, p=0.025), a lower lymphocyte-to-monocyte ratio (LMR) (aOR=0.68, 95% CI=0.476–0.797, p=0.038), and 
higher systemic immune-inflammation index (SII) (aOR=1.01, 95% CI=1.001–1.016, p=0.026) are independent factors linked to 
ischemic stroke in CAD patients. The predictive model showed strong performance with an AUC of 0.870 (95% CI=0.789–0.950) 
under the ROC curve. Decision curve analysis (DCA) indicated that the constructed nomogram was clinically applicable, with a risk 
threshold ranging from 9% to 95%.
Conclusion: This study developed a dynamic and visualized nomogram model for the precise prediction of stroke risk in patients 
with CAD, exhibiting robust performance, calibration, and clinical utility. Future multi-center studies are anticipated to further 
substantiate its clinical applicability.
Keywords: cervical artery dissection, acute ischemic stroke, nomogram model, predictive model

Introduction
AIS is a significant neurological disorder that continues to be a major global health concern due to its high rates of 
morbidity and mortality. CAD is a critical and frequently underestimated etiology of AIS. CAD involves the compromise 
of the structural integrity of the cervical or intracranial arterial wall, allowing blood to penetrate between the medial 
layers, potentially resulting in luminal narrowing or occlusion.1 CAD has emerged as one of the predominant causes of 
AIS in young adults,2,3 accounting for approximately 20% of acute ischemic strokes in individuals aged 18 to 45 years.4

CAD primarily encompasses internal cervical artery dissection (ICAD) and vertebral artery dissection (VAD), with 
annual incidence rates of approximately 2.5 to 3 per 100,000 for ICAD and 1 to 1.5 per 100,000 for VAD.5 The incidence 
of stroke resulting from CAD is approximately 1.2 per 100,000 individuals.6 Although advancements in imaging 
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techniques have enhanced the detection rate and diagnostic precision of CAD, there remains a deficiency in rapid and 
effective methods for identifying acute ischemic stroke (AIS) attributable to CAD and for facilitating risk stratification.7 

This study aims to create a reliable predictive model to evaluate AIS risk in CAD patients. By thoroughly integrating 
patients’ clinical characteristics, imaging findings, medical history, laboratory test results, and additional relevant factors, 
the study aims to establish a comprehensive and precise model. This model is intended to assist clinicians in promptly 
identifying high-risk patients and implementing effective interventions.

Materials and Methods
Patient Selection
Patients diagnosed with CAD and admitted to Shenzhen Longhua District People’s Hospital from 2019 to 2024 were 
enrolled.CAD was initially diagnosed via computed tomography angiography (CTA) and confirmed using digital 
subtraction angiography (DSA) or high-resolution magnetic resonance imaging (HR-MRI). Confirmed CAD was 
diagnosed based on imaging criteria, which required the presence of at least one of the following indicators:8(a) 
DSA showing intimal flaps or double lumen signs. Magnetic resonance angiography (MRA) and magnetic resonance 
imaging (MRI) can identify intimal flaps or double lumen signs.Skilled clinicians are able to identify these features 
clearly on ultrasound or CTA.Thickened vascular intima and atherosclerotic plaque formation were excluded,9 and 
all AIS cases were confirmed via MRI. The link between CAD and AIS was confirmed, with HR-MRI or CTA 
imaging identifying the dissected artery as the sole vessel responsible for AIS.The diagnostic criteria for ischemic 
stroke associated with CAD are as follows:8 (1) Acute onset of symptoms. (2) Presence of focal neurological 
deficits, such as unilateral facial or limb weakness or numbness, and speech disorders, with some cases presenting 
comprehensive neurological deficits. (3) The duration of symptoms and signs is not limited (when imaging shows 
a responsible lesion) or it lasts for more than 24 h (when a responsible lesion is absent). (4) Exclusion of non- 
vascular etiologies. (5) Head CT or MRI ruling out cerebral hemorrhage. (6) The ischemic stroke is linked to the 
presence of CAD.

Furthermore, cardiogenic stroke was ruled out in all patients through comprehensive cardiac assessments. The 
diagnoses of AIS and CAD were evaluated by two seasoned neurologists and radiologists.Patients were categorized 
into ischemic stroke and non-ischemic stroke cohorts based on the occurrence of a stroke. Data were extracted from 
electronic medical records and management databases aimed at quality improvement. The Ethics Committee of Shenzhen 
Longhua District People’s Hospital approved the study.

Data Collection
We gathered demographic and clinical data from patients, encompassing variables such as age, gender, and medical 
history, which includes conditions such as hypertension, diabetes mellitus, prior incidents of stroke or transient ischemic 
attack (TIA), hyperlipidemia, trauma, and head or neck pain. Additionally, we collected information on lifestyle factors, 
specifically smoking and alcohol consumption habits.

The laboratory data collected comprised baseline systolic (SBP) and diastolic blood pressure (DBP), fasting blood 
glucose levels at the time of admission, and counts of white blood cells (WBC), neutrophils (N), lymphocytes (L), 
monocytes (M), and platelets (PLT). Additionally, levels of C-reactive protein (CRP), D-dimer, hemoglobin A1c 
(HbA1c), total cholesterol (TC), triglycerides (TG), low-density lipoprotein cholesterol (LDL-C), uric acid (UA), 
creatinine (Cr), and homocysteine (Hcy) were measured. The neutrophil-to-lymphocyte ratio (NLR) was determined 
by dividing the neutrophil count by the lymphocyte count.The lymphocyte-to-monocyte ratio (LMR) was determined by 
dividing the lymphocyte count by the monocyte count. Similarly, the platelet-to-lymphocyte ratio (PLR) was calculated 
by dividing the platelet count by the lymphocyte count.10 The systemic inflammation response index (SIRI) and the 
systemic immune-inflammation index (SII) were defined as follows: SIRI is calculated as the product of neutrophil and 
monocyte counts divided by lymphocyte counts, and SII is calculated as the product of platelet and neutrophil counts 
divided by lymphocyte counts.11,12
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Statistical Analysis
Statistical analyses were performed using SPSS version 26.0 (IBM Corporation, Armonk, NY, USA) and R software 
version 4.2.0. A clinical comparison was conducted between cohorts of patients with ischemic stroke and those without, 
with the normality of continuous variables assessed via the Shapiro–Wilk test. For data exhibiting normal distribution, 
the t-test was employed, and results were expressed as mean ± standard deviation (SD). For data not conforming to 
a normal distribution, the Mann–Whitney U-test was utilized, with results reported as median and interquartile range 
(IQR).Categorical information was analyzed using either Pearson’s chi-squared test or Fisher’s exact test. Missing data 
were imputed using the missForest algorithm.

Construction and Evaluation of Models
The least absolute shrinkage and selection operator (LASSO) regression analysis serves as a method for both shrinkage and 
variable selection within linear regression models. By imposing constraints on model parameters, LASSO analysis 
minimizes estimation inaccuracies for a specified quantitative response. This approach results in certain regression 
coefficients (RCs) being reduced to zero, thereby excluding the corresponding variables from the model. Conversely, 
variables with RCs greater than zero are retained, indicating a strong association with the response variable. Subsequently, 
employing a −2log-likelihood approach and a binomial family, the LASSO method performs a 10-fold K cross-validation to 
centralize and normalize pertinent variables before selecting those with optimal lambda values. The multicollinearity 
among variable combinations was assessed using variance inflation factors and the condition index. Variables deemed 
significant in the LASSO analysis were utilized to conduct a univariate logistic regression analysis. Variables exhibiting 
a P-value of less than 0.05 in the univariate logistic regression analysis were then incorporated into the multivariate logistic 
regression analysis.13 A multivariate logistic regression analysis was conducted to identify independent factors associated 
with ischemic stroke in patients with CAD. Odds ratios (OR) with 95% confidence intervals (CI) were calculated for each 
endpoint to provide estimates. Subsequently, significant indicators identified from the analysis were utilized for the 
construction of a nomogram. Each variable included in the nomogram was assigned a weighted score, and the cumulative 
score of all variables was used to evaluate the risk of ischemic stroke in patients with CAD. This evaluation was based on 
a function relating the total score to the probability of the outcome. Ultimately, a conventional nomogram was developed 
using the “rms” package in R. The receiver operating characteristic (ROC) curves were utilized to assess the predictive 
accuracy of the model. To investigate the concordance between observed events and predicted outcomes, a calibration curve 
was constructed. Internal validation of the model was conducted using bootstrap resampling with 1,000 iterations. Decision 
curve analysis (DCA) was applied to quantify the net benefit across a range of threshold probabilities, thereby further 
evaluating the utility of the aforementioned nomograms.14,15 Additionally, the Clinical Impact Curve (CIC) was employed 
to appraise the clinical applicability of the prediction model. Finally, the “DynNom” package in R was utilized to construct 
dynamic nomogram models for predicting the risk of ischemic stroke in patients with CAD. Statistical significance was 
determined by a two-tailed P-value threshold of 0.05.

Result
Baseline Characteristics of Patients
The study enrolled 102 patients, who were then divided into non-ischemic and ischemic stroke cohorts. Of these 
patients, 73.2% were allocated to the ischemic stroke group. This cohort was characterized by a significantly older 
median age (42 years vs 51 years, p=0.041) and a lower prevalence of hyperlipidemia (8.0% vs 25.9%, p=0.04). 
Regarding imaging characteristics, patients in the ischemic stroke cohort demonstrated a higher incidence of lumen 
occlusions (37.3% vs 11.1%, p=0.022) and a lower incidence of dissecting aneurysms (6.7% vs 40.7%, p<0.001). 
Laboratory analysis revealed that ischemic stroke patients had significantly elevated median white blood cell (8.81 vs 
6.23, p=0.010) and neutrophil counts (5.84 vs 3.87, p=0.007) compared to non-ischemic stroke patients.Lymphocyte 
counts were notably reduced in the ischemic stroke group compared to the control group (median 1.32 vs 1.87, 
p=0.001).Furthermore, the ischemic stroke cohort exhibited elevated median values of the NLR (4.46 vs 2.14, 
p<0.001) and PLR (167.84 vs 119.51, p=0.006), alongside reduced LMR values (2.60 vs 4.28, p<0.001), relative to 
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the non-ischemic stroke cohort.Simultaneously, the SIRI (median 2.81 vs 0.18, p<0.001) and the SII (median 1215.88 
vs 366.30, p<0.001), both indicators of inflammatory response, exhibited significantly elevated levels in the ischemic 
stroke cohort, as presented in Table 1.

Prediction Model Development
According to the positivity rate of our data, we selected lambda. min for analysis. Using lambda. min =0.054, we 
filtered the following variables, namely, age, hyperlipidemia, history of head and neck pain, lumen occlusion, 
intraluminal thrombus, baseline DBP, lymphocytes, LMR, SII (Figure 1). We conducted an analysis of 41 variables 
related to AIS employing the LASSO method. The analysis utilized lambda. min = 0.054 [log (lambda. min) = 
−1.286] and lambda.1se = 0.138 [log(lambda.1se) = −0.860]. Based on the positivity rate of our dataset, we opted 
for lambda. min for further analysis. Utilizing lambda. min = 0.054, we identified and retained the following 
variables: age, hyperlipidemia, history of head and neck pain, lumen occlusion, intraluminal thrombus, baseline 
DBP, lymphocyte count, LMR, and SII, as illustrated in Figure 1.

Table 1 A Comparative Analysis of the Characteristics Between the Non-Ischemic Stroke Cohort and the Ischemic Stroke 
Cohort

Overall (n=102) Non-Ischemic Stroke  
Cohort (n=27)

Ischemic Stroke  
Cohort (n=75)

P-values

Baseline characteristics
Age, years, median (IQR) 45.00 (34.00, 55.00) 51.00 (41.50, 58.00) 42.00 (32.00, 53.00) 0.041*

Male sex, n(%) 79 (77.5) 20 (74.1) 59 (78.7) 0.825

Hypertension, n(%) 47 (46.1) 13 (48.1) 34 (45.3) 0.979
Diabetes mellitus, n(%) 12 (11.8) 3 (11.1) 9 (12.0) 1

History of stroke or TIA, n(%) 4 (3.9) 3 (11.1) 1 (1.3) 0.096

Coronary artery disease, n(%) 6 (5.9) 2 (7.4) 4 (5.3) 1
Hyperlipidemia, n(%) 13 (12.7) 7 (25.9) 6 (8.0) 0.04*

Atrial fibrillation, n(%) 3 (2.9) 1 (3.7) 2 (2.7) 1

History of trauma, n(%) 2 (2.0) 0 (0.0) 2 (2.7) 0.962
History of head and neck pain, n(%) 21 (20.6) 6 (22.2) 15 (20.0) 1

Smoking, n(%) 26 (25.5) 5 (18.5) 21 (28.0) 0.477

Drinking, n(%) 24 (23.5) 5 (18.5) 19 (25.3) 0.652
Location (%) 1

CIAD 39 (38.2) 10 (37.0) 29 (38.7)

VAD 63 (61.8) 17 (63.0) 46 (61.3)
Baseline SBP, mmHg, median (IQR) 135.00 (122.00, 148.00) 131.00 (121.50, 144.00) 135.00 (122.00, 151.00) 0.635

Baseline DBP, mmHg, median (IQR) 83.50 (75.00, 98.75) 77.00 (74.00, 90.50) 86.00 (77.00, 99.00) 0.094

Imaging features
Lumen occlusion (%) 31 (30.4) 3 (11.1) 28 (37.3) 0.022*

Double lumen sign (%) 24 (23.5) 6 (22.2) 18 (24.0) 1

Intraluminal thrombus (%) 18 (17.6) 2 (7.4) 16 (21.3) 0.182
Dissecting aneurysm (%) 16 (15.7) 11 (40.7) 5 (6.7) <0.001*

Laboratory data
FBG, mmol/L, median (IQR) 5.14 (4.70, 5.74) 5.13 (4.48, 5.64) 5.16 (4.72, 5.81) 0.453
WBC, ×109/L, median (IQR) 8.21 (6.24, 11.29) 6.23 (5.40, 9.74) 8.81 (6.70, 11.40) 0.01*

N, ×109/L, median (IQR) 5.20 (3.71, 9.50) 3.87 (2.85, 7.30) 5.84 (4.32, 9.79) 0.007*

L, ×109/L, median (IQR) 1.49 (1.09, 2.13) 1.87 (1.49, 2.37) 1.32 (1.00, 1.92) 0.001*
M, ×109/L, median (IQR) 0.52 (0.39, 0.69) 0.49 (0.40, 0.63) 0.55 (0.39, 0.72) 0.25

PLT, ×109/L, median (IQR) 227.00 (198.50, 287.25) 225.00 (211.00, 264.50) 227.00 (196.50, 293.50) 0.885

NLR, median (IQR) 3.67 (2.22, 6.76) 2.14 (1.23, 3.53) 4.46 (2.82, 8.21) <0.001*

(Continued)
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Univariable and Multivariable Logistic Regression Analyses for Futile Recanalization
Table 2 presents the results of univariable and multivariable logistic regression analyses aimed at identifying independent 
factors associated with ischemic stroke in patients with CAD. The analysis revealed that hyperlipidemia (aOR = 0.19, 95% 
CI]= 0.040–0.893, p = 0.036), lumen occlusion (aOR = 5.41, 95% CI = 1.236–23.648, p = 0.025), lower LMR (aOR = 0.68, 
95% CI = 0.476–0.797, p = 0.038), and higher SII (aOR = 1.01, 95% CI = 1.001–1.016, p = 0.026) were independently 
associated with ischemic stroke in the context of CAD (Table 2). The multivariate logistic regression model demonstrated an 
absence of collinearity issues, as evidenced by variance inflation factors ranging from 1.021 to 1.490 (Table 3).

Predictive Model Construction
A predictive nomogram model was developed utilizing the previously mentioned stand-alone ischemic stroke indicators 
(Figure 2). Furthermore, a dynamic nomograph was constructed based on a network platform to enhance accessibility for 

Table 1 (Continued). 

Overall (n=102) Non-Ischemic Stroke  
Cohort (n=27)

Ischemic Stroke  
Cohort (n=75)

P-values

LMR, median (IQR) 3.09 (2.04, 4.40) 4.28 (2.94, 5.26) 2.60 (1.98, 3.61) <0.001*
PLR, median (IQR) 159.16 (107.85, 240.39) 119.51 (99.07, 168.96) 167.84 (115.25, 259.90) 0.006*

SIRI, ×109/L, median (IQR) 2.22 (1.00, 3.98) 0.81 (0.52, 1.55) 2.81 (1.60, 4.42) <0.001*

SII, ×109/L, median (IQR) 1053.79 (520.69, 1745.78) 366.30 (231.15, 882.91) 1215.88 (704.43, 2191.65) <0.001*
CRP, mg/L, median (IQR) 1.80 (0.70, 4.99) 1.20 (0.70, 3.88) 1.90 (0.70, 5.76) 0.622

D dimer, ng/mL, median (IQR) 0.17 (0.09, 0.30) 0.17 (0.11, 0.34) 0.17 (0.08, 0.30) 0.657

HbA1c, %, median (IQR) 5.60 (5.30, 5.90) 5.70 (5.30, 5.80) 5.60 (5.30, 6.00) 0.761
TC, mmol/L, mean (SD) 4.52 (1.10) 4.47 (1.04) 4.53 (1.13) 0.78

TG, mmol/L, median (IQR) 1.03 (0.79, 1.45) 1.02 (0.90, 1.57) 1.04 (0.78, 1.41) 0.361

LDL-C, mmol/L, median (IQR) 2.86 (2.42, 3.48) 3.04 (2.37, 3.44) 2.84 (2.48, 3.63) 0.882
UA, median (IQR) 336.50 (280.25, 411.00) 333.00 (288.00, 421.30) 344.00 (280.50, 407.00) 0.41

CR, μmol/L, median (IQR) 70.55 (56.30, 78.40) 74.90 (67.65, 79.55) 67.90 (55.80, 78.30) 0.084

Hcy, μmol/L, median (IQR) 11.50 (8.12, 15.47) 11.80 (8.85, 16.40) 11.10 (8.10, 14.95) 0.385

Note:*Variables with p-value < 0.05. 
Abbreviations: IQR, interquartile range; SD, standard deviation; TIA, transient ischemic attack; ICAD, Internal cervical artery dissection; VAD, Vertebral 
artery dissection; SBP, systolic blood pressure; DBP, diastolic blood pressure; FBG, Fasting blood glucose; WBC, White blood cells; N, Neutrophils; L, 
Lymphocytes; M, Monocytes; PLT, Platelets; NLR, Neutrophil-to-lymphocyte ratio; LMR, Lymphocyte-to-monocyte ratio; PLR, Platelet-to-lymphocyte ratio; 
SIRI, Systemic inflammation response index; SII, Systemic immune-inflammation index; CRP, C reactive protein; HbA1c, Hemoglobin A1c; TC, Total cholesterol; 
TG, Triglyceride; LDL, low-density lipoprotein; UA, Uric acid; Cr, creatinine; HCY, Homocysteine.

Figure 1 Variable selection by the LASSO binary logistic regression model. (A) coefficients profile plot was constructed against the log(lambda) sequence. Nine variables 
with nonzero coefficients were selected by deriving the optimal lambda. (B) Following verification of the optimal parameter (lambda) in the LASSO model, we plotted the 
partial likelihood deviance (binomial deviance) curve versus log(lambda) and drew dotted vertical lines based on 1 standard error criteria.
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clinicians and researchers. This tool is available online at https://ais-with-cad.shinyapps.io/DynNomapp/. By inputting individual 
patient variables on the website, clinicians and researchers can efficiently determine the risk of AIS in patients with CAD.

Prediction Model Assessment and Validation
The analysis of the ROC curve for the predictive model demonstrated an AUC of 0.870, with a 95% CI ranging from 0.789 to 
0.950. The model exhibited a sensitivity of 90.7% and a specificity of 74.1% (Figure 3A). Internal validation was conducted 
using bootstrap resampling performed 1,000 times, resulting in an AUC of 0.860 (95% CI: 0.755−0.936) (Figure 3B).

The calibration curve of the prediction model closely aligned with the ideal diagonal line, indicating strong 
concordance between the estimated and actual values. The model demonstrated a mean squared error of 0.032 (refer 
to Figure 4A). Internal validation was conducted using bootstrap resampling with 1000 iterations, resulting in a mean 
squared error of 0.044 (Figure 4B).

The DCA of the model indicates that, for risk thresholds ranging from 9% to 95%, the decision curve surpasses both 
the “none” and “all” lines. This suggests that the model yields a higher net benefit compared to extreme cases across 
a broad threshold range, thereby demonstrating clinical utility within this interval (Figure 5A). The clinical impact curve 
demonstrated that when the risk threshold exceeded 70%, the number of subjects closely corresponded to the number of 
individuals classified as high risk (ie, the true positive cases) (refer to Figure 5B). These findings collectively suggest that 
the prediction model developed in this study exhibits substantial clinical utility.

Table 2 Univariate and Multivariate Logistic Regression Analysis for Ischemic Stroke With CAD

Univariate Logistic Regression 
Analysis

Multivariate Logistic Regression 
Analysis

OR (95% CI) P-values *aOR (95% CI) P-values

Age 0.97(0.938–0.999) 0.049
Hyperlipidemia 0.25(0.075–0.824) 0.023 0.19(0.040–0.893) 0.036

History of head and neck pain 0.88(0.300–2.549) 0.807

Lumen occlusion 4.77(1.314–17.281) 0.018 5.41(1.236–23.648) 0.025
Intraluminal thrombus 3.39(0.725–15.853) 0.121

Baseline DBP 1.01(0.984–1.047) 0.348

Lymphocytes 0.36(0.180–0.708) 0.003
LMR 0.56(0.404–0.768) <0.001 0.68(0.476–0.797) 0.038

SII 1(1.001–1.003) 0.001 1.01(1.001–1.016) 0.026

Note: * Adjustment for Age, Hyperlipidemia, Lumen occlusion, Lymphocytes, LMR, SII. 
Abbreviations: aOR, adjusted OR; CI, confidence interval, OR, odds ratio; DBP, diastolic blood pressure; LMR, Lymphocyte-to- 
monocyte ratio; SII, Systemic immune-inflammation index.

Table 3 Multicollinearity 
Assessment

Variables VIF

Age 1.112

Hyperlipidemia 1.028

Lumen occlusion 1.021
Lymphocytes 1.554

LMR 1.316
SII 1.49

Abbreviations: VIF, variance inflation fac
tor; LMR, Lymphocyte-to-monocyte ratio; 
SII, Systemic immune-inflammation index.
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Discussion
In this study, we developed and validated a predictive nomogram that incorporates demographic, clinical, and laboratory 
data to assess the individualized risk of stroke in patients with CAD. To address the common issues of overfitting and 
skewed indicator distributions associated with traditional logistic regression analysis, we employed LASSO regression to 

Figure 2 Development of a novel nomogram for predicting the individual risk of AIS among patients with CAD via a multivariate logistic regression analysis.

Figure 3 ROC curve of the prediction model(A) and the ROC of the internal validation of the prediction model(B).
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evaluate potential associated variables. We conducted a further evaluation of the estimated results by refining the 
regression coefficients through the application of the LASSO technique. Subsequently, we employed multivariate 
analysis to identify independent predictors, which facilitated the development of a nomogram. In addition, we developed 
a visualized nomogram that allows every clinical worker to easily assess the risk of AIS in patients with CAD (Figure 6).

A nomogram serves as a robust and practical tool for estimation, generating probabilities of various clinical events by 
integrating diverse prognostic and determinant data, and evaluating individual risk through the amalgamation of multiple 
significant event indicators.16 Nomograms are a critical resource for synthesizing biological and clinical findings, playing 

Figure 4 Calibration curves of the prediction model(A) and the calibration curves of the internal validation of the prediction model(B).

Figure 5 DCA (A) and the clinical impact curve (B)of the prediction model.
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a pivotal role in the advancement of personalized therapy. Additionally, they feature an intuitive digital interface that 
enhances prognosis prediction and supports clinical decision-making.13

The constructed nomogram model incorporated four variables: hyperlipidemia, lumen occlusion, LMR, and SII. The 
model demonstrated strong discriminative capacity, accurate calibration, and significant clinical utility.

Our study unexpectedly discovered that patients with CAD who had a history of hyperlipidemia exhibited a reduced 
risk of developing stroke. The protective mechanism of hyperlipidemia in patients with CAD against stroke is not fully 
understood. However, existing literature suggests several potential factors. Firstly, the role of lipids in vascular wall 
repair: hyperlipidemia may contribute to the repair of damaged arterial walls by increasing blood cholesterol and 
lipoprotein levels, thereby providing essential materials for arterial wall repair.For instance, cholesterol may play 
a role in the repair of endothelial cells, thereby mitigating endothelial dysfunction and consequently decreasing the 
likelihood of thrombosis. Some studies have suggested that elevated cholesterol levels might lower the risk of further 
extension or rupture of arterial dissection by enhancing the stability of the vessel wall. Furthermore, individuals with 
obesity may possess a greater ability to withstand external impacts to the neck, whereas those with lower body mass may 
exhibit increased vulnerability of the cervical blood vessels; however, a comprehensive etiological analysis is lacking. 
Finally, patients diagnosed with hyperlipidemia are typically managed with statin therapy, which possesses anti- 
inflammatory and antioxidant properties and enhances endothelial function. The administration of statins may indirectly 
mitigate the risk of stroke in individuals with CAD. While hyperlipidemia might, in certain instances, confer a protective 
effect against the incidence of dissection stroke, it should not be misconstrued as a protective factor. For individuals at 
risk of developing hyperlipidemia, it is advisable to regulate blood lipid levels through appropriate dietary and lifestyle 
modifications to minimize potential health risks.

This study demonstrated that patients with CAD exhibiting lumen occlusion are at an increased risk for AIS, 
indicating that lumen occlusion is a significant risk factor for poor prognosis in CAD patients.17 The development of 
a mural hematoma and the subsequent enlargement of the dissected arterial lumen occlusion adversely affect local 
hemodynamics, leading to impaired blood flow dynamics. These changes result in extended arterial dissection segments, 
substantial energy loss in blood flow, reduced blood flow velocity, and a state of low shear force. Such conditions 
facilitate secondary thrombosis and exacerbate lumen stenosis, thereby perpetuating a detrimental cycle of ischemia in 

Figure 6 The example diagram of the visualized nomogram model.
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distal brain tissues.18 Consequently, the administration of antithrombotic therapy in patients with vascular occlusion due 
to CAD may be beneficial in preventing AIS.

Our study unexpectedly identified that the association between the LMR and the SII in peripheral blood samples, and 
ischemic stroke in patients with CAD, has been previously documented in a limited number of relevant articles both 
domestically and internationally. These specific and rapidly measurable biomarkers have the potential to enhance the 
diagnostic accuracy for AIS attributable to CAD. Inflammation plays a crucial role in the development of CAD and 
stroke,19–21 with white blood cells such as neutrophils, lymphocytes, and monocytes influencing the inflammatory 
response in diverse ways.22–24 Neutrophils trigger inflammation by releasing mediators that contribute to brain injury, 
while monocytes worsen inflammation and thrombosis through interactions with platelets and endothelial cells.25 

Conversely, lymphocytes exhibit a suppressive effect on inflammation.7,26 The lymphocyte-to-monocyte ratio (LMR) 
is a composite marker indicating the absolute counts of blood lymphocytes and monocytes, whereas the SII reflects the 
absolute counts of neutrophils, monocytes, and platelets in the blood.These cellular components could be pivotal in the 
development of AIS and CAD amid inflammatory processes.19,20

Previous research has identified inflammation as a contributing factor to the progression of AIS. Studies focusing on 
leukocytes have highlighted inflammatory markers, such as the NLR and the LMR, as being associated with patient 
prognosis in AIS.27,28 Specifically, a lower NLR and an elevated LMR are indicative of favorable clinical outcomes in 
AIS patients.29 Furthermore, LMR has been linked to poor prognosis across a range of malignancies, as well as 
cardiovascular and cerebrovascular diseases.22,30–33 Monocytes, distinct from lymphocytes, serve as crucial immune 
regulators and are implicated in secondary injury following an acute ischemic event.34

Previous retrospective studies have found that a higher proportion of monocytes after a stroke independently predicts 
poor prognosis at three months.The SII is a novel inflammatory marker providing a more comprehensive assessment of 
inflammation than NLR or LMR, as it simultaneously reflects three factors, unlike NLR and LMR, which consider only 
two.According to a previous study,35 it was demonstrated for the first time that both SIRI and SII are independently 
associated with ineffective recanalization in patients undergoing endovascular therapy.

However, this research has specific limitations.Firstly, it employs a retrospective design with a limited sample size 
derived from a single center, which may not adequately represent the broader patient population.The study heavily relies 
on the precision and comprehensiveness of the extracted data, introducing potential biases in selection. Secondly, this 
study’s cross-sectional design inherently limits causal inference and temporal assessment of risk factors. As both CAD 
severity and stroke diagnosis were evaluated during the same hospitalization, our model reflects disease co-occurrence 
rather than longitudinal prediction. Despite this limitation, we believe our predictive model offers valuable clinical 
insights and potential value:0.1.Early Stroke Recognition:For patients hospitalized with CAD who exhibit subtle/atypical 
stroke symptoms, the model could aid clinicians in prioritizing neurological evaluation and imaging. 2.Risk Stratification: 
Identifying CAD patients with concurrent stroke may guide acute management (eg, antithrombotic therapy optimization) 
and secondary prevention strategies. Future prospective studies with pre-CAD baseline data and post-discharge follow-up 
are needed to validate true predictive utility. In addition, the study focused solely on analyzing patient blood samples 
collected at admission, without examining changes in inflammatory markers over time.Future studies should evaluate 
how fluctuations in inflammatory markers influence stroke risk in CAD patients.Finally, our model currently lacks 
external validation.The dataset comprising patients with CAD was sourced exclusively from a single hospital.Despite 
demonstrating robust internal validation, the model’s validation was conducted using data from the same institution, 
rather than incorporating data from multiple centers.Consequently, the generalizability of the predictive model requires 
further assessment in patient populations from other institutions.

Conclusion
Our research showed that the dynamic visual nomogram model effectively predicts stroke risk in CAD patients. 
Moreover, our predictive model demonstrated good discriminative performance, enhanced calibration, and clinical 
benefits, which help choose clinical treatment methods.The increasing number of multi-center studies will facilitate 
the clinical application of our model.
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