www.nature.com/scientificreports

scientific reports

OPEN

W) Check for updates

Construction of a nomogram
model for predicting delayed
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Aneurysmal subarachnoid hemorrhage (aSAH) is a severe cerebrovascular disease.This retrospective
two-center cohort study aimed to construct a nomogram model for predicting delayed cerebral
ischemia (DCI) in aSAH patients using LASSO- logistic regression. A total of 604 aSAH patients were
included. We collected serological indicators of patients at admission. Lasso and multivariate logistic
regression analysis and was performed to screen variables and constructed the independent predictors
into a nomogram using R language. After LASSO and multivariate logistic regression, Alcoholism,

PLT, Na, and APTT were identified as independent risk factors for DCI. A nomogram model was then
developed based on these factors. The model showed good predictive performance in both the training
set (AUC=0.703) and the validation set (AUC=0.633), along with stable calibration and favorable
clinical benefits. Alcoholism, PLT, Na, and APTT may be independent predictors of DCl in aSAH
patients. This nomogram can potentially help clinicians assess the risk of DCl in aSAH patients at an
early stage and implement timely preventive and treatment measures.
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Abbreviations

aSAH Aneurysmal subarachnoid hemorrhage
DCI Delayed cerebral ischemia

DSA Digital subtraction angiography
CTA Computed tomography angiography
MRA Magnetic resonance angiography
Lasso Least absolute shrinkage and selection operator
WBC White blood cell

RBC Red blood cell

HGB Hemoglobin

MCV Mean corpuscular volume

MCH Mean corpuscular hemoglobin

PLT Platelet

HCT Hematocrit

NEU Neutrophils

LYM Lymphocyte

MONO  Monocyte

EOS Eosinophils

BASO Basophil

ALB Albumin

AST Aspartate aminotransferase

ALT Alanine aminotransferase
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TBIL Total bilirubin

GGT Gamma glutamyl transferase
PT Prothrombin time

APTT Activated partial thrombin time
FIB Fibrinogen

Cr Creatinine

UA Uric acid

OR Odds ratio

CI Confidence interval

AUC The area under the curve

DCA Decision curve analysis

ROC Receiver operating characteristic

Aneurysmal subarachnoid hemorrhage (aSAH) is an extremely severe cerebrovascular disease characterized by
high incidence, high disability rate, and high mortality'. Globally, the annual incidence of aSAH is approximately
6-9 per 100,000 population, with a mortality rate as high as 35%2. Although significant progress has been made
in the diagnosis and treatment of aSAH in recent years, such as the development of neuroimaging and the
widespread application of surgical clipping and endovascular interventional therapy, which have improved the
survival rate of patients in the acute phase, the complications after aSAH still seriously affect the prognosis of
patients®>.

Delayed cerebral ischemia (DCI) is one of the most common and severe complications of aSAH, usually
occurring 4-14 days after hemorrhage®. The pathogenesis of DCI is relatively complex, mainly involving aspects
such as cerebral vasospasm, microcirculation disorders, impaired cerebral blood flow autoregulation, and
inflammatory responses’~. Statistically, the incidence of DCI in aSAH patients is as high as 30-70%. Patients
with DCI often have a poor prognosis, and a considerable proportion of surviving patients suffer from severe
neurological deficits, imposing a heavy burden on patients’ families and society'’.

Currently, the clinical diagnosis of DCI mainly relies on clinical symptoms, neuroimaging examinations
(such as CT perfusion imaging, magnetic resonance perfusion-weighted imaging, Doppler ultrasound, etc.),
and cerebral angiography!'!!2. However, these diagnostic methods often can only detect DCI when it has
already occurred or obvious neurological deficits have emerged, thus missing the optimal intervention time!>4.
Therefore, identifying effective predictive indicators and constructing an accurate prediction model are of great
significance for early recognition of the risk of DCI in aSAH patients, enabling the implementation of targeted
preventive and treatment measures, and improving patient prognosis'>.

In recent years, numerous studies have been dedicated to exploring the risk factors associated with the
occurrence of DCI, including patient-related factors such as age, gender, disease severity at admission (e.g., Hunt-
Hess grade, Fisher grade, etc.), characteristics of aneurysms (e.g., location, size, shape, etc.), blood biomarkers
(e.g., C-reactive protein, neuron-specific enolase, etc.), and genetic factors'é*°. Although some progress has
been made, the accuracy of predicting DCI using a single factor is limited. Constructing a prediction model
by integrating multiple factors may improve the accuracy and reliability of prediction. However, the existing
prediction models vary among different studies, and some models are insufficiently validated, and their clinical
applicability still needs to be further improved?. Therefore, this study aims to construct a more accurate and
practical nomogram prediction model for DCI through Lasso regression analysis and multivariate analysis of
aSAH patients, providing strong support for early clinical intervention.

Materials and methods

Patient section

This was a retrospective study. A total of patients diagnosed with aneurysmal subarachnoid hemorrhage in
Huizhou Central People’s Hospital and Gaozhou People’s Hospital from January 2020 to January 2024 were
collected.

The inclusion criteria were as follows: (1) Definite diagnosis of aneurysmal subarachnoid hemorrhage:
Subarachnoid hemorrhage was confirmed by cranial CT, and it was determined to be caused by the rupture of
an intracranial aneurysm through imaging examinations such as digital subtraction angiography (DSA), CT
angiography (CTA), or magnetic resonance angiography (MRA).

The exclusion criteria were as follows: (1) History of cerebrovascular diseases: Such as a history of cerebral
infarction, intracerebral hemorrhage (not caused by the current aSAH), cerebrovascular malformations,
moyamoya disease, etc. (2) Complicated with severe systemic diseases: Such as severe cardiopulmonary
insufficiency, liver and kidney failure, advanced malignant tumors, hematological and immune system
diseases, etc. (3) Presence of mental illness or cognitive impairment, unable to cooperate with the study-related
assessments. (4) Receiving special treatments that may affect cerebral vasospasm or the occurrence of DCI: For
example, long-term use of anticoagulant or anti-platelet drugs before the onset and inability to discontinue the
drugs, or having received drug treatments that may affect the cerebrovascular state before admission (such as the
use of calcium channel blockers at supra-normal doses, etc.). (5) Pregnant or lactating women.

All patients received standardized DCI prevention measures, including nimodipine by intravenous pump
or oral(60 mg/4 h), maintenance of systolic blood pressure>120 mmHg, volume management, and glycemic
control. All included patients with coronary artery disease or atrial fibrillation were not receiving regular or
chronic antiplatelet/anticoagulant therapy. Based on the exclusion criteria, patients taking these drugs chronically
were excluded.

This study was conducted in accordance with the Declaration of Helsinki (as revised in 2013) and was approved
by the Huizhou Central People’s Hospital Ethics Committee. All research was performed in accordance with

Scientific Reports |

(2025) 15:17739 | https://doi.org/10.1038/541598-025-01693-w nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

relevant guidelines/regulations. Since this is a retrospective study, the Huizhou Central People’s Hospital Ethics
Committee approved the waiver of informed consent in accordance with national regulations and institutional
requirements. This study only collected clinical information and test data of patients, and no informed consent
was required from patients and their families. To protect patient privacy, all patient identity information has
been anonymized.

Data collection and definition

In this study, the baseline clinical data of patients at admission, as well as the test results of blood routine, liver
and kidney function, blood biochemistry, and coagulation function, were collected. The baseline clinical data
included information such as gender, age, Glasgow Coma Scale (GCS) score, history of hypertension, diabetes,
hyperlipidemia, coronary heart disease, atrial fibrillation, alcoholism, and smoking.

Meanwhile, the test results of patients at admission were collected, including the following data: white blood
cell count (WBC), hemoglobin count (HGB), platelet count (PLT), mean corpuscular hemoglobin concentration
(MCH), mean corpuscular volume (MCV), absolute neutrophil count (NEU), lymphocyte count (LYM),
monocyte count (MONO), eosinophil count (EOS), basophil count (BASO), hematocrit (HCT), total bilirubin
(TBIL), serum albumin (ALB), gamma-glutamyl transpeptidase (GGT), aspartate aminotransferase (AST),
alanine aminotransferase (ALT), creatinine (Cr), uric acid (UA), bicarbonate ion (HCO3-), potassium ion (K),
sodium ion (Na), chloride ion (Cl), calcium ion (Ca), magnesium ion (Mg), prothrombin time (PT), activated
partial thromboplastin time (APTT), fibrinogen (FIB), etc.

Outcome

After aneurysmal subarachnoid hemorrhage, delayed cerebral ischemia (DCI) usually occurs 4-14 days after
hemorrhage®. DCI was diagnosed if both of the following conditions were met: (1) New focal neurological
deficits (e.g., hemiplegia, aphasia, altered consciousness) occurring 4-14 days post-hemorrhage; (2) Imaging
confirmation of cerebral ischemia (CT perfusion or diffusion-weighted MRI) with exclusion of alternative causes
(e.g., rebleeding, cerebral edema). (3) CT perfusion parameters: cerebral blood flow (CBF) <30 mL/100 g/min
and mean transit time (MTT) prolongation > 145% were used as ischemic thresholds?!. The occurrence of DCI
after aSAH was defined as a positive outcome event, and the non-occurrence of DCI was defined as a negative
outcome event.

Statistical analysis

Baseline data comparison and comparison between groups with and without DCI

The patient data from Huizhou Central People’s Hospital were used as the training set, and the patient data from
Gaozhou People’s Hospital were used as the validation set. First, the baseline data of the training set and the
validation set were compared to verify their comparability. Second, the data of the training set were grouped
according to the presence or absence of DCI, and the clinical data and test results were compared between the
groups. For continuous data, the Shapiro normality test was used to determine normality. If the data conformed
to a normal distribution, they were expressed as mean + standard deviation, and one-way analysis of variance
was used for comparison between groups. If the data did not conform to a normal distribution, they were
expressed as median (25th percentile, 75th percentile), and the Kruskal-Wallis test was used for comparison
between groups. Categorical data were statistically described using frequency (percentage), and the chi-square
test or Fisher’s exact test was used for comparison between groups. A two-sided p-value less than 0.05 was
considered statistically significant.

Least absolute shrinkage and selection operator (LASSO)

As the study involved numerous potential influencing factors such as patient basic information, clinical
symptoms, and laboratory test indicators, there may be multicollinearity among variables, which could interfere
with the accuracy and stability of the model. To address this issue, Lasso analysis was used for variable selection
to construct a more reliable prediction model?2. Before performing Lasso analysis, continuous variables were
standardized to eliminate the influence of dimensions. The Lasso regression method was used to analyze the
above-mentioned data. The optimal regularization parameter A was selected through cross-validation to balance
the goodness-of-fit of the model and the variable selection effect. The specific operation was implemented in R
software using the ‘glmnet’ package. During the Lasso regression process, by continuously adjusting the A value,
some regression coeflicients were shrunk to zero, thereby screening out the variables that had a significant impact
on the occurrence of delayed cerebral ischemia. We performed LASSO regression analyses using the “glmnet”
package (version 4.1-7, URL: https://cran.r-project.org/web/ packages/glmnet/index.html) in R (version 4.2.2,
URL: https://www.r-project.org).

Binary logistic regression analysis

We performed binary logistic regression analyses using SPSS 21.0 (IBM Corp., Armonk, NY, USA; URL: https:/
/www.ibm.com/products/spss-statistics). SPSS 21.0 software was used to calculate the optimal cut-off value for
each clinical factor in the training set. The clinical factors were classified based on the optimal cut-oft value, and
then binary logistic regression analysis was performed to evaluate the independent predictors of DCI?2. First,
univariate binary logistic regression analysis was performed, and the odds ratio (OR) and its 95% confidence
interval (CI) of each independent variable for DCI were calculated respectively. Variables with a p-value less
than 0.1 were selected for multivariate binary logistic regression analysis. The enter method was used in the
multivariate analysis to eliminate the multicollinearity among independent variables, and finally, a binary
logistic regression model containing significant influencing factors was constructed.
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Construction of nomogram

Based on the results of Lasso analysis and multivariate binary logistic regression, the data of the training set were
used in R studio (version 4.2.2) to draw the nomogram of independent predictors. The predictive efficacy of the
model was evaluated by the receiver operating characteristic (ROC) curve and the area under the curve (AUC).
The mean error of the model was calculated through the calibration plot, and the clinical benefit of the model
was analyzed by the decision curve analysis (DCA). In addition, the data of the validation set were also subjected
to relevant analyses and graph-drawing to verify the predictive benefit of the nomogram.

Result

A total of 671 patients with aneurysmal subarachnoid hemorrhage were collected in this study. A total of 67
patients were excluded, and finally, 604 patients were included in the retrospective study. The process is shown
in Fig. 1. Among them, there were 369 patients in the training set and 235 patients in the validation set.

Baseline data comparison

The baseline data of the two groups were compared between groups. In the training set, there were 213 male
patients (57.72%), with an age of 54 (45, 63) years old, a GCS score of 13 (12, 15) points. The number of patients
with a history of hypertension, coronary heart disease, hyperlipidemia, atrial fibrillation, diabetes, smoking, and
alcoholism was 154 (41.73%), 27 (7.32%), 47 (12.74%), 58 (15.72%), 53 (14.36%), 68 (18.43%), and 54 (14.63%),
respectively. In the validation set, there were 119 male patients (50.64%), with an age of 54 (45, 61) years old, a
GCS score of 12 (11, 14) points. The number of patients with a history of hypertension, coronary heart disease,
hyperlipidemia, atrial fibrillation, diabetes, smoking, and alcoholism was 84 (35.74%), 13 (5.53%), 43 (18.3%),
51 (21.7%), 36 (15.32%), 40 (17.02%), and 27 (11.49%), respectively. There was no significant difference in the
baseline data between the two groups (p>0.05), indicating that the data were comparable (Table 1).

Comparison between groups with and without DCI

The data of the training set were grouped according to the presence or absence of DCI. The group with DCI
was defined as the DCI group, and the group without DCI was defined as the No DCI group. The comparison
between the two groups showed that atrial fibrillation, diabetes, alcoholism, WBC, NEUT, PLT, AST, ALT, Cr,
Mg, and APTT had statistically significant differences among the groups (p <0.05) (Table 2).

Lasso analysis

After Lasso analysis, a total of 4 variables significantly related to the occurrence of delayed cerebral ischemia
in patients with aneurysmal subarachnoid hemorrhage were screened out, namely alcoholism, PLT, Na, and
APTT(Fig. 2A). The regression coeflicients of these variables were non-zero in the Lasso model, indicating their
important role in predicting the occurrence of delayed cerebral ischemia. The area under the receiver operating
characteristic curve (AUC) of the prediction model constructed based on the selected variables in the training
set was 0.715, indicating that the model had good predictive ability(Fig. 2B). In the cross-validation set, the AUC
of the model was 0.639, further verifying the stability and generalization ability of the model(Fig. 2C).

Univariate and multivariate logistic regression analysis
Each clinical factor was included in the univariate logistic regression analysis. The results showed that Age (4.7
[1.97, 11.23], p<0.001), Atrial fibrillation (1.92 [1.03, 3.59], p=0.040), Diabetes (2.01 [1.06, 3.83], p=0.032),

This study collected patients diagnosed with
aneurysmal subarachnoid hemorrhage from
January 2020 to January 2024
(n=671)

(1) Patients with a history of cerebrovascular disease.(n=35)
(2) Combination with severe systemic diseases.(n=6)

(3) Presence of mental illness or cognitive impairment.(n=10)
(4) Received special treatment that may affect the occurrence
of cerebral vasospasm or DCI.(n=15)

(5) Pregnant or lactating women.(n=1)

67 patients wlere excluded.

604 patients were included.

]

Training group Validation group
(n=369) (n=235)

Fig. 1. Flow chart of this study.
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Training test | Validation test | Sum
Variable (n=369) (n=235) (N=604) P
Age 54 (45,63) 54 (45,61) 54 (45,62) 0.428
Sex 0.088
Male 213 (57.72%) | 119 (50.64%) 332 (54.97%)
Female 156 (42.28%) | 116 (49.36%) 272 (45.03%)
GCS score 0.266
<8 35(9.49%) 29(12.34%) 64 (10.6%)
>=8 334(90.51%) | 206(87.66%) 540 (89.4%)
Hypertension 0.142
No 215 (58.27%) | 151 (64.26%) 366 (60.6%)
Yes 154 (41.73%) | 84 (35.74%) 238 (39.4%)
Coronary heart 0.390
No 342 (92.68%) | 222 (94.47%) 564 (93.38%)
Yes 27 (7.32%) 13 (5.53%) 40 (6.62%)
Hyperlipidemia 0.061
No 322 (87.26%) | 192 (81.7%) 514 (85.1%)
Yes 47 (12.74%) | 43 (18.3%) 90 (14.9%)
Atrial fibrillation 0.062
No 311 (84.28%) | 184 (78.3%) 495 (81.95%)
Yes 58 (15.72%) | 51 (21.7%) 109 (18.05%)
Diabetes 0.747
No 316 (85.64%) | 199 (84.68%) 515 (85.26%)
Yes 53 (14.36%) | 36 (15.32%) 89 (14.74%)
Smoke 0.660
No 301 (81.57%) | 195 (82.98%) 496 (82.12%)
Yes 68 (18.43%) | 40 (17.02%) 108 (17.88%)
Alcoholism 0.269
No 315 (85.37%) | 208 (88.51%) 523 (86.59%)
Yes 54 (14.63%) 27 (11.49%) 81 (13.41%)
DCI occurs 0.608
DCI 77 (20.87%) | 45 (19.15%) 122 (20.2%)
Non-DCI 292 (79.13%) | 190 (80.85%) 482 (79.8%)

Table 1. Baseline data table for comparison of training test and validation test.

Alcoholism (2.17 [1.15, 4.08], p=0.016), WBC (2.81 [1.48, 5.33], p=0.002), NEUT (2.62 [1.5, 4.59], p=0.001),
MONO (1.86 [1.08, 3.19], p=0.025), PLT (5.04 [2.53, 10.05], p<0.001), EOS (3.19 [1.23, 8.29], p=0.017), HCT
(1.9 [1.03, 3.52], p=0.041), MCV (0.41 [0.19, 0.86], p=0.019), MCH (0.42 [0.21, 0.86], p=0.018), TBIL (0.38
[0.18, 0.81], p=0.011), GGT (0.52 [0.31, 0.87], p=0.012), AST (0.43 [0.26, 0.73], p=0.002), ALT (0.49 [0.29,
0.81], p=0.006), Ca (2.21 [1.05, 4.66], p=0.038), P (1.82 [1.05, 3.14], p=0.032), FIB (2.62 [1, 6.85], p=0.049),
and APTT (3.21 [1.53, 6.71], p=0.002) were all risk factors for DCI. The factors with p<0.1 in the univariate
analysis were included in the multivariate logistic regression analysis. The results showed that Alcoholism (2.13
(1.01, 4.48], p=0.047), PLT (1 [1, 1.01], p=0.003), Na (0.89 [0.79, 0.99], p=0.030), and APTT (1.1 [1.01, 1.21],
p=0.034) were independent predictors (Table 3). Variables with non-significant group differences in Table 2 (e.g.,
WBC, NEUT) showed ORs with 95% CIs crossing 1 in univariate analysis, suggesting potential confounding.
LASSO regression prioritized variables with stronger independent contributions (alcoholism, PLT, Na, APTT).

Nomogram construction

Based on the results of LASSO regression and multivariate analysis (Alcoholism, PLT, Na, APTT), a nomogram
model was constructed using R studio software. To calculate DCI risk using the nomogram: Assign points based
on alcoholism (yes =30, no=0), PLT (10 points per 50 x 10°/L increase), Na (5 points per 1 mmol/L decrease),
and APTT (5 points per 1-second prolongation). Sum the points and align the total with the risk axis to estimate
the probability. For example, 100 total points correspond to ~ 35% DCI risk. We constructed the nomogram with
the data from the training group(Fig. 3). The receiver operating characteristic (ROC) curve of the training set
was plotted to verify the predictive efficiency of this nomogram (Fig. 4A). The area under the curve (AUC) was
0.703 (95%CI: 0.637-0.769), indicating good predictive performance. At the same time, the sensitivity, specificity
and accuracy of the training model are 0.701, 0.630, 0.645 (Table 4). The calibration curve of the training set was
drawn (Fig. 5A), and it was observed that the ideal curve and the actual curve were basically coincident, with an
average error of 0.016, suggesting the stable predictive performance of the model. The decision curve analysis
(DCA) of the training set was plotted (Fig. 6A), which indicated that there was a good clinical benefit when the
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No DCI group DCI group Sum
Variable (n=292) (n=77) (N=369) P
Age 54 (43,65) 54 (48,62) 54 (45,63) 0.578
Sex 0.508
Male 166 (56.85%) 47 (61.04%) 213 (57.72%)
Female 126 (43.15%) 30 (38.96%) 156 (42.28%)
GCS score 0.894
<8 28 (9.59%) 7 (9.09%) 35 (9.49%)
>=8 264 (90.41%) 70 (90.91%) 334 (90.51%)
Hypertension 0.579
No 168 (57.53%) 47 (61.04%) 215 (58.27%)
Yes 124 (42.47%) 30 (38.96%) 154 (41.73%)
Coronary heart 0.098
No 274 (93.84%) 68 (88.31%) 342 (92.68%)
Yes 18 (6.16%) 9 (11.69%) 27 (7.32%)
Hyperlipidemia 0.647
No 256 (87.67%) 66 (85.71%) 322 (87.26%)
Yes 36 (12.33%) 11 (14.29%) 47 (12.74%)
Atrial fibrillation 0.038
No 252 (86.3%) 59 (76.62%) 311 (84.28%)
Yes 40 (13.7%) 18 (23.38%) 58 (15.72%)
Diabetes 0.030
No 256 (87.67%) 60 (77.92%) 316 (85.64%)
Yes 36 (12.33%) 17 (22.08%) 53 (14.36%)
Smoke 0.353
No 241 (82.53%) 60 (77.92%) 301 (81.57%)
Yes 51 (17.47%) 17 (22.08%) 68 (18.43%)
Alcoholism 0.015
No 256 (87.67%) 59 (76.62%) 315 (85.37%)
Yes 36 (12.33%) 18 (23.38%) 54 (14.63%)
WBC 9.66 (6.97,13.09) 10.36 (8.55,14.22) | 10.04 (7.29,13.34) | 0.035
NEUT 7.34 (4.45,11.24) 8.23 (6.35,11.87) 7.87 (4.64,11.4) 0.050
LYM 1.26 (0.86,1.85) 1.39 (0.95,1.76) 1.29 (0.88,1.8) 0.399
MONO 0.5 (0.33,0.74) 0.54 (0.4,0.75) 0.5 (0.35,0.74) 0.157
PLT 239.8 (196.05,290.32) | 260 (217,359) 244 (201.5,299) 0.003
HGB 116.6 (100.2,136.48) | 119.2 (113,141) 116.7 (103.7,137.2) | 0.234
EOS 0.11 (0.02,0.21) 0.11 (0.04,0.21) 0.11 (0.02,0.21) 0.692
BASO 0.03 (0.02,0.05) 0.03 (0.02,0.04) 0.03 (0.02,0.05) 0.846
HCT 0.36 (0.32,0.41) 0.36 (0.35,0.42) 0.36 (0.32,0.42) 0.266
MCV 88.92 (84.77,92.6) 88.5 (81.8,91.5) 88.8 (84.5,92.3) 0.210
MCH 29.7 (27.9,31) 29.55 (27.2,30.4) 29.6 (27.62,30.72) | 0.162
TBIL 11.9 (7.68,15.12) 10.4 (7.6,12) 11.5(7.6,14.2) 0.109
ALB 39.8 (36.6,43.42) 40.5 (38.3,43.6) 39.8 (37.1,43.5) 0.110
GGT 30.5(19,40.2) 24 (17,40.2) 30 (19,40.2) 0.092
AST 31(21,42) 24 (19,42) 29 (21,42) 0.018
ALT 28 (18,37.25) 23 (14,36) 27 (17,36) 0.007
Cr 65 (58.75,77) 65 (50,70) 65 (57,76) 0.045
UA 300 (236.75,367) 300 (254,362) 300 (244,365) 0.753
HCO3- 22.8(22.2,24.9) 22.9 (22.3,25.5) 22.8 (22.3,25) 0.743
K 3.99 (3.78,4.15) 3.99 (3.87,4.19) 3.99 (3.8,4.17) 0.133
Na 138.7 (138,140.22) 138.6 (137.6,139.8) | 138.7 (138,140.2) 0.455
cl 103.8 (102.3,105.4) | 103.8 (103,105) 103.8 (102.6,105.3) | 0.659
Ca 2.23(2.14,2.33) 2.23(2.19,2.31) 2.23(2.17,2.32) 0.981
Continued
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No DCI group DCI group Sum
Variable (n=292) (n=77) (N=369) P
Mg 0.86 (0.83,0.93) 0.86 (0.8,0.89) 0.86 (0.82,0.92) 0.004
p 1.12 (0.96,1.24) 1.12 (0.98,1.29) 1.12 (0.96,1.24) 0.213
PT 11.6 (11.2,12.1) 11.6 (11.2,12.2) 11.6 (11.2,12.1) 0.757
FIB 3.95 (3.05,4.16) 3.95 (3.1,4.06) 3.95(3.07,4.16) 0.916
APTT 30.76 (28.5,32.23) 31.1(30.1,33.9) 30.76 (28.9,32.7) 0.005

Table 2. Comparison of clinical factors between the DCI group and the no DCI group.
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Fig. 2. Lasso regression machine learning model (A). Internal cress-validation, the training group AUC is
0.715 (B) and the validation group AUC is 0.639 (C).

threshold was between 0.01 and 0.65. Meanwhile, the data from the validation set were used for verification. The
ROC curve was plotted (Fig. 4B), with an AUC of 0.633 (95%CI: 0.555-0.712). At the same time, the sensitivity,
specificity and accuracy of the training model are 0.592, 0.673, 0.660 (Table 4). The calibration curve was drawn
(Fig. 5B), showing that the ideal curve and the actual curve were basically coincident, with an average error of
0.03, also indicating the stable predictive performance of the model. The DCA of the validation set was plotted
(Fig. 6B), suggesting a good clinical benefit when the threshold was between 0.01 and 0.65. Evidently, this
nomogram demonstrated good predictive efficiency in both the training set and the validation set, with a small
error, and it could benefit most clinical patients.
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Variable

Single factor logistic

regression analysis

Multivariate factor logistic

regression analysis

OR[95%CI] | p

OR[95%CI]

Age

<0.001

0.279

<44.5

1

1

>44.5

4.7[1.97,11.23]

1.01[0.99,1.03]

Sex

0.508

Male

1

Female

0.84[0.5,1.4]

GCS score

0.894

<8

1

>=8

1.06[0.44,2.53]

Hypertension

0.579

No

1

Yes

0.86[0.52,1.45]

Coronary heart

0.103

No

1

Yes

2.01[0.87,4.68]

Hyperlipidemia

0.647

No

1

Yes

1.19[0.57,2.45]

Atrial fibrillation

0.040

0.079

No

1

1

Yes

1.92[1.03,3.59]

1.98[0.94,4.2]

Diabetes

0.032

0.055

No

1

1

Yes

2.01[1.06,3.83]

2.12[0.99,4.52]

Smoke

0.354

No

1

Yes

1.34[0.72,2.48]

Alcoholism

0.016

0.049

No

1

1

Yes

2.17[1.15,4.08]

2.13[1.01,4.48]

WBC

0.002

0.648

<7.955

1

1

>7.955

2.81[1.48,5.33]

1.21[0.54,2.7]

NEUT

0.001

0.674

<6.87

1

1

>6.87

2.62[1.5,4.59]

0.85[0.38,1.88]

LYM

0.065

0.590

<131

1

1

>1.31

1.61[0.97,2.68]

0.78[0.3,2.01]

MONO

0.025

0.702

<0.445

1

1

>0.445

1.86[1.08,3.19]

0.78[0.23,2.67]

PLT

<0.001

0.003

<356.35

1

1

>356.35

5.04[2.53,10.05]

1[1,1.01]

HGB

0.064

0.307

<112.65

1

1

>112.65

1.71[0.97,3.03]

0.98[0.94,1.02]

EOS

0.017

0.098

<0.0015

1

1

>0.0015

3.19[1.23,8.29]

0.15[0.02,1.55]

BASO

0.118

<0.015

1

>0.015

1.71[0.87,3.34]
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Single factor logistic

regression analysis

Multivariate factor logistic
regression analysis

Variable

OR[95%CI] | p

OR[95%CI]

HCT

0.041

0.233

<0.3345

1

1

>0.3345

1.9[1.03,3.52]

3165.55[0,2822004407.32]

MCV

0.019

0.273

<92.75

1

1

>92.75

0.41[0.19,0.86]

0.98[0.96,1.01]

MCH

0.018

0.145

<30.95

1

1

>30.95

0.42[0.21,0.86]

1.05[0.98,1.11]

TBIL

0.011

0.118

<14.95

1

1

>14.95

0.38[0.18,0.81]

0.96[0.91,1.01]

ALB

0.085

0.269

<40.45

1

1

>40.45

1.56[0.94,2.58]

1.05[0.97,1.14]

GGT

0.012

0.952

<245

1

1

>24.5

0.52[0.31,0.87]

1[0.99,1.01]

AST

0.002

0.278

<27.5

1

1

>27.5

0.43[0.26,0.73]

0.99[0.97,1.01]

ALT

0.006

0.671

<19.5

1

1

>19.5

0.49(0.29,0.81]

1[0.98,1.02]

0.729

<87.5

1

>87.5

1.17[0.48,2.84]

UA

0.102

<2145

1

>214.5

1.87[0.88,3.97]

HCO3

0.168

<24.95

1

>24.95

1.47[0.85,2.54]

0.052

0.395

<3.985

1

1

>3.985

1.69[1,2.87]

1.48[0.58,3.75]

Na

0.062

0.029

<142.55

1

1

>142.55

0.15[0.02,1.1]

0.89[0.79,0.99]

Cl

0.123

<102.35

1

>102.35

1.67[0.87,3.21]

Ca

0.038

0.170

<2.115

1

1

>2.115

2.21[1.05,4.66]

0.16[0.01,2.03]

Mg

0.174

<0.675

1

>0.675

4.12[0.54,31.65]

0.032

0.859

<1.085

1

1

>1.085

1.82[1.05,3.14]

0.89[0.25,3.13]

PT

0.609

<12.05

1

>12.05

1.16[0.66,2.03]

Continued

Scientific Reports |

(2025) 15:17739

| https://doi.org/10.1038/s41598-025-01693-w

nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

Single factor logistic Multivariate factor logistic
regression analysis regression analysis
Variable OR[95%CI] P OR[95%CI] P
FIB 0.049 0.990
<2.615 1 1
>2.615 2.62[1,6.85] 1[0.91,1.1]
APTT 0.002 0.036
<29.05 1 1
>29.05 3.21[1.53,6.71] 1.1[1.01,1.21]

Table 3. Single and multivariate factor logistic regression analysis results.

, 0 10 20 30 40 50 O 70 80 90 100
Foinis

Alcoholism !

PLT '

200 400 GO0 800 1000 1200

N a I I I I 1 1
160 150 140 13D 12

L

APTT T T T T T T T T 1
0 5 10 15 20 25 30 35 40 45

Total Points - - -
0 20 60 100

140 180 220

DCI Incidence ! Co .
01 030507 09

Fig. 3. The nomogram of clinical data.

Discussion

This study proposed that Alcoholism, PLT, Na, and APTT might be independent predictors of DCI in aSAH
patients. Alcoholism may affect the cerebrovascular system through multiple mechanisms. Long-term alcohol
abuse can lead to vascular endothelial dysfunction, altering the reactivity of blood vessels to various stimuli
and increasing the risk of cerebral vasospasm?*?!. Meanwhile, the study by Stettler GR et al.?> suggested that a
high alcohol content in the blood was associated with an increased incidence of fibrinolytic arrest. Alcohol may
interfere with the coagulation mechanism, resulting in a hypercoagulable state of the blood and further affecting
cerebral blood flow perfusion?. An excessively high platelet count may increase blood viscosity, making it easy
to form micro-thrombi that block the cerebral microcirculation and thus trigger cerebral ischemia?’. On the
other hand, various bioactive substances released by platelets, such as thromboxane A2, can cause cerebral
vasoconstriction, further reducing cerebral blood flow?®?. Hyponatremia is relatively common in aSAH
patients, which can lead to cellular edema and affect the normal metabolism and function of brain tissue*. In
addition, hyponatremia may also reduce the tolerance of cerebral blood vessels to ischemia by affecting vascular
tone and the cerebral blood flow autoregulation mechanism®!. APTT reflects the coagulation function of the
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Fig. 4. (A) ROC curve of training group; (B) ROC curve of validation group.

Training model | 0.701 0.630 0.645 54 184 108 23
Validation model | 0.592 0.673 0.660 27 128 62 18

Table 4. Sensitivity, specificity, accuracy, true positive, true negative, false positive, false negative of training
and validation models.
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Fig. 5. (A) Calibration curve of training group; (B) Calibration curve of validation group.
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Fig. 6. (A) DCA curve of training group; (B) DCA curve of validation group.

intrinsic coagulation pathway. Prolonged APTT may indicate coagulation dysfunction, increasing the risk
of bleeding. The hematoma and coagulation products after bleeding may exert mechanical compression and
chemical stimulation on cerebral blood vessels, leading to cerebral vasospasm and cerebral ischemia®*3*. Chen
Hao et al.** proposed that abnormal APTT and fibrinogen had independent predictive effects on the occurrence
of cerebral infarction in patients with moderate to severe craniocerebral injuries.

Currently, numerous studies have been conducted on exploring the risk factors and prediction models for
DCI in aSAH patients'!-2°. Ma Xinlong et al.!” proposed that an early increase in blood CRP after SAH was
associated with DCI. Liu Haonan et al.?’ proposed that age > 65 years old, modified Fisher grade 3-4, rupture
of anterior-circulation aneurysms, Hunt-Hess grade 4-5, high blood pressure at admission, and plasma
homocysteine level > 10 umol/L were independent risk factors for DCI after aSAH. Compared with traditional
single-factor prediction methods, the nomogram proposed in this study integrates information from multiple
variables, enabling a more comprehensive and accurate assessment of patients’ risk status. Our study focused
more on the serological indicators of patients, and wanted to construct a nomogram related to serological
indicators to predict the occurrence of DCI in patients. Our study can serve as a supplement to the classic
prediction model. Classic indicators such as Fisher grading and Hunt-Hess grading have been confirmed by
too many scholars and widely used in clinical practice, so we did not consider including these indicators in
the study. Additionally, the low proportion of elderly patients (>65 years, median age 54) in our cohort may
have limited the statistical power of age-related effects. It is worth mentioning that the lower AUC compared to
some studies (AUC=0.799, 95%CI: 0.737-0.861)*> may stem from the exclusion of imaging grades or genetic
markers. According to a recent systematic review’®, high AUC prediction models usually integrate imaging
grading (such as modified Fisher grading), dynamic biomarkers (such as GFAP, S100B) and machine learning
algorithms (such as XGBoost, random forest). For example, Liu et al. [20] combined age, aneurysm location
and plasma homocysteine to construct a model (AUC =0.82) using support vector machine (SVM) to optimize
feature weights. In contrast, this study focused on easily accessible serological indicators, which sacrificed some
prediction accuracy but enhanced clinical practicality. Future work can integrate imaging features with dynamic
biomarkers and try to integrate learning algorithms to further improve performance.

The advantages of this study are as follows: (1) This study used a combination of lasso regression analysis and
multivariate logistic regression analysis for variable screening, addressing the issue of multicollinearity among
variables and ensuring that the screened factors are independent and significant. (2) The nomogram we proposed
is based on the most common medical history data and test results in clinical practice. It does not require
complex statistical calculations and has high clinical practicability. The limitations of this study are as follows:
(1) This was a retrospective study, which may be subject to information bias and selection bias. Future research
will consider conducting multi-center, prospective studies to externally validate the nomogram and improve its
clinical promotion value. (2) Although this study identified some important independent risk factors through a
comprehensive variable-screening method, other potential influencing factors may still have been overlooked.
For example, gene polymorphisms, inflammatory factors, etc., may play important roles in the occurrence of
DCI after aSAH. Follow-up studies can further expand the research scope and include more potential factors
for analysis.(3) This study did not include some classic predictive indicators such as Fisher grade and Hunt-Hess
grade. Our study can serve as a supplement to the widely used predictive indicators in clinical practice.

Conclusion
Alcoholism, PLT, Na, and APTT may be independent predictors of DCI in aSAH patients. The nomogram
constructed in this study can assist clinicians in early assessment of the probability of DCI occurrence, achieving
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the

goals of early prevention and early treatment, and benefiting more patients.The modest validation AUC

(0.633) may reflect limitations in generalizability. Future studies should optimize variable weights using larger
multicenter datasets or integrate dynamic biomarkers (e.g., inflammatory cytokines) to enhance predictive

per

formance.

Data availability

The data used to support the findings of this study are available from the corresponding author upon request.
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