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Abstract

Objective: This study aimed to analyze risk factors for post-stroke dysphagia during the
recovery phase of acute ischemic stroke and to construct a preliminary risk prediction
model for patients who were eligible for bedside swallowing assessment. Methods: A
retrospective analysis was performed for patients with ischemic stroke who were continu-
ously admitted to Shanghai Fourth People’s Hospital. Swallowing function was assessed
using the water swallowing test. Univariate and multivariate analyses were used to screen
variables, and a predictive model was constructed using binary logistic regression. The
model was visualized using a nomogram. Calibration curves and receiver operating char-
acteristic curves were employed to assess the model’s accuracy and predictive value, while
decision curve analysis was used to examine the model’s clinical relevance. Results: Over-
all, 209 ischemic stroke patients were included in the analysis. Univariate and multivariate
logistic regression analyses identified higher NIHSS score and lower triglyceride level as
independent factors associated with swallowing dysfunction (p-value < 0.05); the full model
(NIHSS + TG) yielded AUCs of 0.685 (95% CI: 0.523-0.783) in the training set and 0.679
(95% CI: 0.606-0.700) in the test set, with corresponding sensitivities of 0.52 and 0.61, and
specificities of 0.78 and 0.70, respectively. Compared with NIHSS alone (AUC 0.652, 95%
CI: 0.518-0.746), the AUC improvement was not significant (DeLong p = 0.09), but the net
reclassification improvement was 0.26 (95% CI: 0.02-0.49). Conclusions: This preliminary
derivation model, based on NIHSS and triglyceride levels, demonstrates modest discrim-
ination but provides incremental reclassification value over NIHSS alone for estimating
the risk of PSD in cooperative patients. The model should be considered exploratory, and
external validation is required before any clinical application.

Keywords: acute ischemic stroke; swallowing dysfunction; predictive modeling; biomarker

1. Introduction

Although the incidence of ischemic stroke (IS) has shown a decreasing trend in recent
years, the risk of stroke over a lifetime has increased due to population aging. From 1990
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to 2019, the global number of IS-related deaths increased from 2.04 million to 3.29 million,
and it is projected to rise further to 4.9 million by 2030 [1,2]. Post-stroke dysphagia (PSD)
is a common complication following stroke, with symptoms such as excessive salivation,
coughing while drinking, aspiration, and choking during meals. The incidence of PSD is as
high as 78% [3]. Although swallowing function may improve during the recovery phase
after a stroke, up to half of the cases progress to a chronic condition, leading to a range
of complications such as psychological disorders, aspiration pneumonia, and choking.
These severely impact patients” quality of life [4] and may result in poor prognosis or
even death [5]. Research has shown that early screening for swallowing function in stroke
patients, coupled with early intervention, can help reduce hospital stay duration, lower
hospitalization costs, and decrease mortality. This approach is one of the key methods
for reducing complications and improving outcomes [6-9]. Therefore, early screening,
identification, and intervention for PSD are of great significance [10].

Currently, commonly used diagnostic and screening tools for post-stroke dysphagia
(PSD), such as swallowing radiography and the Water Swallowing Test (WST), require
patients to have a relatively good physiological condition in order to be performed [11].
More importantly, the swallowing assessment scales commonly used in clinical practice
are highly subjective, and differences in evaluation criteria among healthcare providers
can affect the accuracy of the swallowing results [12]. Therefore, for patients with poor
compliance to clinical swallowing function tests, combining subjective scales with objective
diagnostic results can help improve the accuracy of clinical decision-making. Although
recent studies have focused on rehabilitation interventions, swallowing muscle physiology,
and instrumental assessment techniques for post-stroke dysphagia, few studies have
developed simple and clinically applicable risk prediction models using routinely available
laboratory biomarkers during the recovery phase of ischemic stroke [4,10,13].

Therefore, objective clinical and laboratory indicators may provide complementary
information for early risk stratification before or alongside bedside swallowing assessment.
However, because the present study included only patients who were able to undergo the
Water Swallowing Test and excluded patients with impaired consciousness or tracheostomy,
the model was developed for cooperative patients with acute ischemic stroke and should
not be extrapolated to patients who are comatose, mechanically ventilated, tracheostomized,
or unable to complete swallowing assessment. The present study aimed to establish a
preliminary risk prediction model integrating clinical severity and routinely available
laboratory biomarkers to support early identification of patients at increased risk of post-
stroke dysphagia.

2. Material and Methods
2.1. Subjects

The study population includes patients who were consecutively admitted to the
Department of Cerebrovascular Disease and the Department of Rehabilitation Medicine
at Shanghai Fourth People’s Hospital, affiliated with Tongji University, from December
2021 to October 2024, with acute ischemic stroke. Swallowing function was assessed within
24 h after admission using the 30 mL Water Swallowing Test (WST) [14], which has been
used as a bedside screening tool for swallowing impairment and aspiration risk in patients
with stroke [15]. According to the five-grade WST profile, grade 1 indicates drinking all
water in one gulp without choking within the expected time and was defined as normal
swallowing; grades 2-5 indicate suspected or definite swallowing abnormality, such as
repeated gulps, choking, or inability to complete drinking, and were used to define PSD for
risk-stratification purposes [14,16,17]. The WST was performed by trained rehabilitation
physicians or nurses using a standardized bedside procedure. Because the outcome was
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defined using the WST, the derivation cohort was restricted to patients who were able to
complete this bedside assessment. A retrospective analysis of all patients” medical records
was conducted.

Inclusion criteria were as follows: (1) age > 18 years; (2) diagnosis of acute ischemic
stroke based on clinical manifestations and brain MRI findings; (3) completion of swallow-
ing function assessment using the 30 mL WST within 24 h after admission; (4) ability to
cooperate with bedside swallowing assessment; Exclusion criteria were as follows: (1) pres-
ence of neurological diseases that could cause swallowing dysfunction; (2) tracheostomy;
(3) impaired consciousness; (4) pre-stroke dysphagia; (5) lack of brain MRI records; and
(6) follow-up duration of less than 14 days among patients with poor swallowing recovery
during model construction.

Therefore, the derivation cohort consisted of patients with acute ischemic stroke who
were able to cooperate with bedside swallowing assessment. Among the participants,
119 patients were classified into the swallowing dysfunction group, and 90 patients were in
the normal swallowing function group. The study was approved by the ethics committee of
Shanghai Fourth People’s Hospital (Ethics Approval No. 2024236-001) (2025-01-13 00:00:00)
and registered with the China Clinical Trial Center (Registration No. CTR2500095810).
Since this was a retrospective study, exemption from informed consent was applied.

2.2. Imaging Assessment

All patients underwent brain MRI with DWI sequences at admission using a 3.0T MRI
scanner (Siemens Magnetom Prisma, Siemens Healthineers, Erlangen, Germany). Two
experienced neuroradiologists, blinded to clinical and swallowing data, independently
reviewed the images and recorded the following lesion characteristics: (1) brainstem
involvement (yes/no), defined as visible DWI hyperintensity in the midbrain, pons, or
medulla oblongata; (2) bilateral hemispheric involvement (yes/no), defined as DWI lesions
in both cerebral hemispheres; and (3) lesion multiplicity, classified as single versus multiple
(>2 distinct DWI hyperintense lesions). Disagreements were resolved by consensus.

2.3. Predictors and Outcomes

Clinical and laboratory information for participants was collected from the electronic
medical record system. The data included the following details: (1) demographic informa-
tion (gender and age); (2) clinical admission data (underlying diseases and NIHSS scores);
(3) laboratory biomarkers within 48 h of admission (routine complete blood count, liver
and kidney function parameters, myocardial markers, coagulation function parameters,
inflammatory indices, and inflammatory cytokines). Data were entered into Excel (version
2019, Microsoft Corp., Redmond, WA, USA) and double-checked by two researchers to
establish the database. The resulting data were then imported into SPSS 26.0 (IBM Corp.,
Armonk, NY, USA) for statistical analysis.

2.4. Statistical Methodology

Electronic medical records were reviewed, and data were entered into Excel and
double-checked by two researchers to establish the database. For missing data, a threshold
of 5% was applied. Variables with missing data exceeding 5% were excluded, while
variables with missing data < 5% were handled using multiple imputation with the
R package “mice” (version 3.16.0) within R version 4.3.2 (R Foundation for Statistical
Computing, Vienna, Austria) to generate reliable imputed values for analysis. Specifically,
albumin (missing 11.2%), prealbumin (missing 18.7%), body mass index (missing 9.8%),
and lipid-lowering therapy data (missing 15.3%) were excluded because their missing
proportions exceeded the pre-specified threshold of 5%. Variables with missing data < 5%,
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including triglycerides (missing 2.9%) and CRP (missing 1.4%). The resulting data were
then imported into SPSS 26.0 for statistical analysis.

Regarding sample size, the present study followed the Events Per Variable (EPV)
guideline recommended for logistic regression-based prediction models. With 119 PSD
events and 8 candidate predictors in the overall cohort, the EPV was approximately 14.9,
exceeding the minimum recommended threshold of 10 events per variable [18,19]. There-
fore, the sample size was considered adequate for the exploratory model development in
this derivation cohort.

For continuous variables, normality tests were performed. Data that followed a normal
distribution were expressed as mean + standard deviation (x &+ s), and group comparisons
were conducted using an independent samples t-test. For non-normally distributed data,
the median (interquartile range) M (P25, P75) was used, and group comparisons were made
using the Wilcoxon rank-sum test. Categorical data were expressed as frequency (n, %)
and compared using the chi-square (x?) test. Variables that showed statistical significance
in univariate analysis were included in a multivariate binary logistic regression model to
identify key predictors. A Nomogram was constructed, and the model’s performance was
evaluated using receiver operating characteristic (ROC) curves, calibration curves, and
Decision Curve Analysis (DCA) through R 4.3.2.

The proposed model has low computational complexity because it is based on a binary
logistic regression equation with only two predictors: NIHSS score and triglyceride level.
For each patient, the model only requires multiplication of the regression coefficients by
the corresponding predictor values, summation of these terms, and conversion of the linear
predictor into a predicted probability using the logistic function. Therefore, the prediction
process is computationally simple and can be implemented using a bedside calculator,
spreadsheet, or electronic medical record system without specialized hardware. Model
development was also computationally lightweight because of the small sample size and
limited number of predictors.

3. Results
3.1. Demographics and Clinical Characteristics

A total of 119 patients (56.9%) were in the swallowing dysfunction group, and 90 pa-
tients (43.06%) were in the non-swallowing dysfunction group. See Figure 1. In the
swallowing dysfunction group, there were 79 males and 40 females, with a history of
hypertension in 73 cases, diabetes in 52 cases, and stroke in 24 cases. In the non-swallowing
dysfunction group, there were 55 males and 35 females, with a history of hypertension in
51 cases, diabetes in 27 cases, and stroke in 7 cases. A comparison of general data between
the two groups revealed that the swallowing dysfunction group had significantly higher
proportions of patients with a history of stroke, diabetes, and surgery, as well as older age
and higher NIHSS scores at admission compared to the non-swallowing dysfunction group
(p-value < 0.05). See Tables 1 and 2.

Table 1. Baseline characteristics of the included total population.

Characteristic Total (n = 209) PSD (n =119) PSND (n =90) p-Value
Age 71.14 +9.89 72.66 +9.94 69.13 £9.51 <0.05*
NIHSS 4 (2-6.5) 5 (2-8) 3(1-5) <0.05*
Male 134 79 55 >0.05
Female 75 40 35 >0.05
Coronary artery disease 13 8 5 >0.05
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Table 1. Cont.

Characteristic Total (n =209) PSD (n =119) PSND (n =90) p-Value
Hypertension 124 73 51 >0.05
Diabetes 79 52 27 <0.05 *
History of stroke 31 24 7 <0.05*
Arrhythmia 11 8 3 >0.05
Brainstem involvement, n (%) 10 (4.8) 7 (5.9) 3(3.3) 0.392

Bilateral lesions, n (%) 23 (11.0) 15 (12.6) 8 (8.9) 0.393
Multiple lesions, n (%) 82 (39.2) 52 (43.7) 30 (33.3) 0.129

p-value < 0.05 was considered statistically significant. Values are presented as mean + standard deviation, median
(interquartile range), or frequency (percentage) as appropriate. p-values were derived from independent samples
t-test, Wilcoxon rank-sum test, or chi-square (x?) test, as appropriate. Abbreviations: PSD, post-stroke dysphagia;
PSND, post-stroke non-dysphagia; NIHSS, National Institutes of Health Stroke Scale, *, p < 0.05. Note: p-values
are rounded to two decimal places.

Enrolment ]

Assessed for eligibility (n= 312)

Excluded (n=103)
Not meeting inclusion criteria (n=
44)
Declined to participate (n=44)
Other reasons (n= 15)

Retrospectively enrolled (n= 209)

!

l

Allocation ]

|

Allocated to Swallowing dysfunction group

Allocated to Normal swallowing function
group (n= 90)

(n=119)
| [

Follow-Up

) |

Discontinued intervention (n= 0)

Lost to follow-up for primary outcome (n= 0):

Discontinued intervention (n=0)

Lost to follow-up for primary outcome (n=0):

| [

Analysis

] l

Swallowing dysfunction group (n= 119)

Excluded from analysis (give reasons) (n=0)

Figure 1. Flow diagram.

Normal swallowing function group (n=90)

Excluded from analysis (give reasons) (n= 0)

Table 2. Baseline laboratory results for the included population.

Characteristic Total (n = 209) PSD (n =119) PSND (n =90) p-Value
HbAlc 6.6 (5.8-8.45) 6.8 (5.8-8.8) 6.35 (5.8-8.025) >0.05
FIB 3.9 (3.38-4.38) 3.95 (3.5-4.43) 3.82 (3.27-4.23) >0.05
TG 1.4 (1.07,1.77) 1.26 (1.06-1.68) 1.45 (1.09-1.88) >0.05
LDL 3.17 £1.03 3.08 £0.96 3.30£1.12 >0.05
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Table 2. Cont.

Characteristic Total (n = 209) PSD (n =119) PSND (n =90) p-Value
CRP 2.72 (1.06-6.61) 3.18 (1.27-8.55) 2.29 (0.85-4.33) >0.05
HB 144 (134-152.5) 144 (134-152) 144 (133-153.5) >0.05
INR 1.02 (0.97-1.07) 1.03 (0.98-1.1) 1.01 (0.96-1.04) <0.05 *
APTT 29.8 (27.9-32.8) 30 (28-33) 29 (27.88-32.65) >0.05
Mono 0.38 (0.29-0.49) 0.36 (0.29-0.48) 0.39 (0.29-0.51) >0.05
cTnl 0.01 (0.01-0.02) 0.01 (0.01-0.02) 0.01 (0.01-0.02) >0.05
sCr 70 (58.85-90.35) 71.1 (58.7-91.5) 69.4 (58.93-84.05) >0.05
Mb 45.82 (28.34-84.18) 50.19 (31.66-90.34) 37.64 (26-61.18) <0.05 *
CKI 2 (1.26-3.43) 2.1 (1.34-3.51) 1.89 (1.19-3.40) >0.05
ALP 79.86 (65.5-96.71) 83.61 (70.3-99.26) 76.21 (61.04-91.48) <0.05*
LYM 1.38 (1.03-1.95) 1.29 (0.99-1.71) 1.53 (1.09-2.11) <0.05*
UREA 5.63 (4.79-7.19) 5.82 (4.75-7.59) 5.44 (4.89-7.01) >0.05
MCHC 30.8 (29.6-31.65) 30.7 (29.6-32.8) 30.85 (29.68-31.9) >0.05
Glu 8.1 (6.4-12.15) 8.8 (6.7-12.6) 7.25 (6.3-11.5) >0.05
Baso 0.02 (0.01-0.03) 0.02 (0.01-0.03) 0.02 (0.01-0.03) >0.05
NEUT 5.12 (3.93-6.59) 5.24 (3.98-6.93) 4.72 (3.84-5.76) <0.05*
TBil 13.07 (9.56-17.75) 13.36 (10.81-18.97) 12.22 (8.34-16.9) <0.05*
TP 75.96 (71.98-80.20) 76.05 (71.98-81.24) 75.91 (71.93-79.82) >0.05

HbA1c: glycated hemoglobin; FIB: Fibrinogen; TP: total protein; TG: Triglyceride LDL: Low-Density Lipoprotein;
CRP: C-reactive protein; HB: Hemoglobin; sCr: serum creatinine; INR: international normalized ratio; APTT:
activated partial thromboplastin time; NEUT: neutrophil; Mono: Monocyte counts; cTnl: cardiac troponin; Mb:
Myoglobin; CKI: creatine kinase isoenzymes; ALP: Alkaline phosphatase; UREA: carbamide; MCHC: mean
corpuscular hemoglobin concentration; Glu: glucose; Baso: Basophil count; LYM: lymphocytes; TBil: total
bilirubin, *, p < 0.05. Note: p-values are rounded to two decimal places.

3.2. Predictor Screening

The total population was divided into training and validation sets in a 7:3 ratio, and
balance tests were conducted. The training set was used for factor selection and model
construction, while the validation set was used for model validation. The occurrence
of swallowing dysfunction in patients with acute ischemic stroke during hospitalization
was set as the dependent variable. Eight variables with statistical significance in the uni-
variate analysis of baseline data and laboratory results were selected for inclusion in the
multivariate binary logistic regression analysis. These variables included: age, NIHSS
score at admission, history of cerebral infarction, C-reactive protein, triglycerides, inter-
national normalized ratio (INR), lymphocyte count, and neutrophil count. Multivariable
logistic regression showed that higher NIHSS score (OR = 1.120, 95% CI: 1.000-1.255;
p-value < 0.05) and lower triglyceride level (OR = 0.521, 95% CI: 0.286-0.948; p-value < 0.05)
were independently associated with swallowing dysfunction. The results are shown in
Tables 3-5.

Table 3. Analysis of Demographic and Clinical Characterization Outcomes of the Training Set.

Characteristic PSD (n = 86) PSND (n = 60) p-Value
Age 72 (66-78.25) 68 (64-75) <0.05*
NIHSS 4 (2-8) 2.5 (1-4.75) <0.05*
Sex (Male) 62 38 >0.05
Coronary artery Disease 7 4 >0.05
Hypertension 54 36 >0.05
Diabetes 39 21 >0.05
History of stroke 16 4 <0.05*
Arrhythmia 5 2 >0.05

*, p < 0.05. Note: p-values are rounded to two decimal places.
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Table 4. Analysis of training set lab results.

Characteristic PSD (n = 86) PSND (n = 60) p-Value
HbAlc 6.9 (5.9-8.8) 6.4 (5.73-7.95) >0.05
FIB 3.87 (3.48-4.37) 3.85(3.33-4.31) >0.05
TG 1.23 (1.06-1.67) 1.51 (1.2-2.01) <0.05*
CRP 3.19 (1.21-8.86) 2.49 (0.88—4.48) <0.05*
HB 144.5 (134-151.25) 145.5 (135-155.25) >0.05
INR 1.035 (0.97-1.09) 1.00 (0.96-1.45) <0.05*
APTT 30.10 (28.08-32.5) 29.95 (28-33.4) >0.05
Mono 0.36 (0.28-0.49) 0.38 (0.31-0.49) >0.05
cTInl 0.01 (0.01-0.02) 0.01 (0.01-0.03) >0.05
sCr 71.2 (57.65-92.6) 69.50 (60.7-83.35) >0.05
Mb 47.32 (28.37-90.88) 37.64 (26.65-59.58) >0.05
CKI 1.965 (1.29-3.28) 2.13 (1.29-3.90) >0.05
ALP 80.35 (67.12-97.34) 75.17 (61.09-89.86) >0.05
LYM 1.29 (0.98-1.74) 1.53 (1.10-2.04) <0.05*
UREA 5.83 (4.65-8.24) 5.50 (5.12-7.08) >0.05
MCHC 30.8 (29.6-31.5) 30.3 (29.63-31.75) >0.05
Glu 8.6 (6.78-12.38) 7.2 (6.33-11.35) >0.05
Baso 0.02 (0.01-0.02) 0.02 (0.01-0.03) >0.05
NEUT 5.41 (4.00-6.99) 4.72 (3.89-5.65) <0.05*
TBil 13.07 (10.79-18.35) 12.32 (8.55-16.51) >0.05
TP 75.96 £7.70 76.04 = 5.94 >0.05
LDL 3.05 £ 0.95 332+1.14 >0.05

HbAlc: glycated hemoglobin; FIB: Fibrinogen; TP: total protein; TG: Triglyceride; CRP: C-reactive protein; LDL:
Low-Density Lipoprotein; HB: Hemoglobin; sCr: serum creatinine; INR: international normalized ratio; APTT:
activated partial thromboplastin time; NEUT: neutrophil; Mono: Monocyte counts; ¢Tnl: cardiac troponin; Mb:
Myoglobin; CKI: creatine kinase isoenzymes; ALP: Alkaline phosphatase; UREA: carbamide; MCHC: mean
corpuscular hemoglobin concentration; Glu: glucose; Baso: Basophil count; LYM: lymphocytes; TBil: total
bilirubin, *, p < 0.05. Note: p-values are rounded to two decimal places.

Table 5. Binary Logistic Regression Analysis.

Characteristic OR 95%CI p-Value
Age 1.020 0.977-1.064 >0.05
NIHSS 1.120 1.00-1.255 <0.05*
History of stroke 1.786 0.520-6.135 >0.05
Brainstem involvement 1.15 0.45-2.95 0.771
Bilateral lesions 1.08 0.58-2.01 0.807
Multiple lesions 1.22 0.72-2.07 0.459
CRP 1.042 0.987-1.101 >0.05
INR 0.615 0.018-20.913 >0.05
TG 0.521 0.286-0.948 <0.05 *
LYM 0.824 0.552-1.228 >0.05
NEUT 1.057 0.918-1.217 >0.05

CRP: C-reactive protein; TG: Triglyceride; INR: international normalized ratio; LYM: lymphocytes; NEUT:
neutrophil, *, p < 0.05. Note: p-values are rounded to two decimal places.

3.3. Construction of the Risk Prediction Nomogram for Swallowing Dysfunction After Acute
Ischemic Stroke

The logistic regression analysis indicated that NIHSS score and triglyceride level were
independently associated with swallowing dysfunction after ischemic stroke. Specifically,
higher NIHSS score and lower triglyceride level were associated with increased PSD risk.
Subsequently, R 4.3.2 software was used to create a nomogram for visualizing the predictive
model, as shown in Figure 2. The effect of each variable on the occurrence of swallowing
dysfunction after stroke is represented by a score. A vertical line is drawn from the value on
the axis to intersect with the score axis, where the point of intersection corresponds to the
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score for that variable. The total score is obtained by summing the scores for each variable,
and the predicted probability of swallowing dysfunction in stroke patients is determined
by the total score.

; 0O 10 20 30 40 50 60 70 80 90 100
POIntS [P BPEEN BRI B BRI BN BPEE SR B S |
NIHSS T
0 6 14
TG T T T T T T T T T T T T T 1
. 13121110 9 8 7 6 5 4 3 2 1 0
TOtal POlntS I R I UL I IS I I UL IR IS LR
0 10 20 30 40 50 60 70 80 90 100110120
1

PSD risk T TTTTTT

01 02 030405060708 09

Figure 2. Nomogram.

3.4. Risk Prediction Model Validation

The predictive ability of the model was evaluated using ROC curve analysis. The
model demonstrated modest predictive ability (training AUC: 0.685, sensitivity: 0.52,
specificity: 0.78; internal test AUC: 0.679, sensitivity: 0.61, specificity: 0.70). Compared
with an NIHSS-only reference model (AUC 0.652), the full model showed no significant
AUC improvement (DeLong p-value = 0.09), though NRI was 0.26 (95% CI: 0.02-0.49) and
IDI was 0.03 (95% CI: —0.01 to 0.07) (Table 6). Adding imaging characteristics (brainstem
involvement, bilateral lesions, multiplicity) did not improve performance (DeLong p-
value = 0.45; Table 7). Since none of the imaging variables reached statistical significance
in multivariate analysis, the final parsimonious model was retained with NIHSS and
triglycerides only.

Table 6. Performance comparison between the NIHSS-only reference model and the full model

(NIHSS + TG).
. Training AUC e o . DeLong o o
Model Predictors (95% CI) Sensitivity  Specificity p-Value NRI(95% CI) IDI (95% CI)
Reference 0.652
model NIHSS (0.518-0.746) 0.48 0.80 Reference Reference Reference
0.685 0.26 0.03
Full model NIHSS + TG (0.523-0.783) 0.52 0.78 0.09 (0.02-0.49) (-0.01-0.07)
Abbreviations: AUC, area under the curve; CI, confidence interval; NIHSS, National Institutes of Health Stroke
Scale; NRI, Net Reclassification Improvement; IDI, Integrated Discrimination Improvement; TG, triglycerides.
Table 7. Performance of the original and imaging-adjusted models.
. .. Validation e o s DeLong
Model Predictors Training AUC AUC Sensitivity  Specificity p-Value
Original model NIHSS + TG 0.685 0.679 0.52 0.78 Reference
Imaging-adjusted NIHSS + TG +
o (fel &9 brainstem + bilateral +  0.687 0.682 0.52 0.78 0.45
multiple

AUC, area under the curve; NIHSS, National Institutes of Health Stroke Scale; TG, triglycerides. The original
model served as the reference for the DeLong test. The imaging-adjusted model added brainstem involvement,
bilateral lesions, and lesion multiplicity. No significant difference was observed between the two models (DeLong
test, p-value = 0.45).

Decision Curve Analysis (DCA) was conducted to assess whether patients could

benefit from the model in clinical practice. When the threshold probability ranged from 0.1
to 1, the decision-making based on the predictive model was beneficial to patients. The
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calibration curve indicated that the model’s actual predictions closely aligned with the
ideal predictions. Quantitatively, the Brier score was 0.212 in the training set and 0.224 in
the validation set, indicating acceptable overall prediction error. The mean absolute errors
between predicted and observed probabilities were 0.021 and 0.049, respectively, further
supporting good calibration. See Figures 3-5.
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Figure 3. ROC curve.
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Figure 5. Clinical decision curve.

4. Discussion

The primary cause of swallowing dysfunction in stroke patients is cerebrovascular
events, such as cerebral hemorrhage or ischemic stroke. These events result in damage to
the nervous system that controls swallowing function [20,21], which subsequently affects
the transmission of neural signals to the muscles of the mouth and throat, leading to muscle
coordination dysfunction and impaired swallowing [22,23]. Studies have found that the
more severe the neurological injury, the higher the incidence of swallowing dysfunction [24].
The NIHSS is used in clinical practice to assess the severity of stroke, with higher scores
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indicating more severe neurological deficits [25]. Although the NIHSS does not include
specific items related to swallowing function, clinical studies have shown that NIHSS scores
can predict PSD and be used for early swallowing dysfunction assessment, with moderate
sensitivity and specificity [26]. Rebecca D et al. [27] also found that an NIHSS score
greater than 9 and a FIM score less than 55 can be used for early screening of swallowing
dysfunction. Although the sensitivity and specificity of NIHSS for predicting swallowing
dysfunction are lower than those of FIM, it is more widely applied in clinical settings.
Therefore, the NIHSS score, in addition to being a measure of stroke severity, can also
be considered a reliable predictor of the presence of swallowing dysfunction [28]. Our
study results are consistent with previous findings, with the median NIHSS score for the
swallowing dysfunction group in acute ischemic stroke patients being 4, and the median
NIHSS score for the non-swallowing dysfunction group being 2.5. The mean NIHSS score of
the swallowing dysfunction group was significantly higher than that of the non-swallowing
dysfunction group (p-value < 0.001). After adjusting for confounding factors in multivariate
logistic regression analysis, we found that the NIHSS score was an independent risk factor
for swallowing dysfunction after acute ischemic stroke.

Triglycerides are an important stored energy source and are closely related to glucose
metabolism, blood pressure, and liver function. In the present study, lower triglyceride
levels were associated with a higher risk of PSD. This inverse association should not be
interpreted as a causal protective effect of triglycerides. Rather, low triglyceride levels may
reflect premorbid nutritional depletion, reduced energy intake, acute metabolic stress, or
systemic catabolism after stroke [29-32]. Acute ischemic stroke may induce stress-related
hormonal changes, increased protein breakdown, negative nitrogen balance, impaired
gastrointestinal function, and elevated resting metabolic rate, all of which may contribute
to nutritional depletion and poorer functional recovery [27,28,33-35]. Malnutrition and
insufficient nutritional reserve may impair swallowing-related muscle function and recov-
ery capacity, thereby increasing the risk of dysphagia [36]. Therefore, triglycerides in this
model should be considered a potential surrogate marker of nutritional or metabolic status
rather than a direct mechanistic factor.

Our comparative analysis revealed that while the addition of triglyceride levels did
not significantly improve the AUC compared with NIHSS alone at the population level
(DeLong p-value = 0.09), the Net Reclassification Improvement (NRI) of 0.26 (95% CI:
0.02-0.49) suggests that TG may offer modest incremental value in individual-level risk
stratification. This apparent discrepancy between population-level AUC and individual-
level NRI is not uncommon in prediction modeling: a biomarker that does not substantially
shift the overall ROC curve may still help reclassify patients who fall near the decision
threshold, particularly those with intermediate NIHSS scores. The NRI of 0.26 indicates that
approximately one-quarter of patients were correctly reassigned to higher- or lower-risk
categories when TG was incorporated. Importantly, the NIHSS alone—even with the widely
cited cutoff of >9 proposed by Jeyaseelan et al. [27]—has limited predictive performance
for PSD, with reported sensitivities ranging from 68.3% to 75% and specificities from 61.5%
to 62%. In our cohort, the NIHSS-only model achieved an AUC of 0.652, consistent with
recently published data showing an NIHSS AUC of 0.663 for PSD prediction. The modest
improvement offered by TG, while not dramatic, represents a step toward incorporating
readily available laboratory biomarkers into PSD risk stratification—a direction that aligns
with the growing recognition that malnutrition and metabolic status, as reflected by low
TG levels, are important determinants of post-stroke outcomes.

Because albumin, prealbumin, body mass index, GNRI, CONUT score, and lipid-
lowering therapy were not consistently available in this retrospective dataset, residual
confounding and reverse causality cannot be excluded [37]. Future studies should incor-
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porate comprehensive nutritional assessments to clarify whether triglycerides provide
independent predictive information beyond established nutritional indices.

In addition to these clinical and laboratory factors, the role of neuroanatomical lesion
characteristics deserves further consideration. Although lesion topography is widely rec-
ognized as a key determinant of post-stroke dysphagia [38,39], our multivariate analysis
did not identify brainstem involvement, bilateral lesions, or lesion multiplicity as indepen-
dent predictors in this cohort. This may be explained by several factors. First, the overall
frequency of brainstem lesions was low (4.8%), limiting statistical power. Second, NIHSS
score, which remained significant in the adjusted model, may serve as a composite proxy
for overall infarct burden, partially capturing the effect of lesion characteristics [27,40].
Third, our cohort included only patients who could undergo MRI and cooperate with the
water swallowing test, which may have excluded the most severely affected individuals
with critical brainstem or bilateral lesions. Future studies with larger sample sizes and
quantitative lesion mapping (e.g., voxel-based lesion-symptom mapping) are warranted to
further clarify the neuroanatomical predictors of PSD [41,42].

Currently, the commonly used Vachon drinking test and other assessment scales eval-
uate swallowing function by observing the patient’s swallowing actions and performance
during drinking [43]. However, these tests have certain subjectivity and limitations, as
factors such as the patient’s subjective experience and the evaluator’s level of expertise
can influence the results. In contrast, the PSD prediction model based on blood and clin-
ical characteristics uses objective and quantifiable blood markers to predict swallowing
function, minimizing the impact of subjective factors [44,45]. Therefore, combining the
Vachon drinking test with the prediction model can complement each other, improving
the accuracy and applicability of the assessment across different patient populations. The
combination of both methods not only allows for a more accurate determination of the
patient’s swallowing function status but also provides a more reliable basis for subsequent
rehabilitation treatment [10]. By integrating these two assessment methods, clinicians
can gain a more comprehensive understanding of the patient’s swallowing function and
potential risk factors, helping to develop a more personalized treatment plan, which may
improve treatment outcomes and the patient’s quality of life [13,46]. It should be empha-
sized that the present model was derived from patients who were able to complete the
Water Swallowing Test. Therefore, its intended use is early risk stratification in cooperative
patients with acute ischemic stroke, rather than diagnosis of dysphagia in patients who
cannot undergo bedside swallowing assessment. Patients with impaired consciousness,
tracheostomy, mechanical ventilation, or severe cognitive impairment may have different
clinical characteristics, including sedation exposure, enteral feeding, systemic inflammation,
respiratory compromise, and different NIHSS distributions. These factors may alter both
neurological severity scores and metabolic biomarkers. Accordingly, the present model
should not be extrapolated to these excluded populations without separate validation.

5. Conclusions

We developed a preliminary predictive model based on NIHSS score and triglyceride
levels to estimate the risk of swallowing dysfunction during the recovery phase of acute
ischemic stroke. The model showed modest discrimination and may assist early PSD
risk stratification in cooperative patients eligible for bedside swallowing assessment. The
model should be considered exploratory, and external validation is required before any
clinical application.
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6. Limitations

1. This study is a single-center retrospective analysis and did not use an external
cohort for validation. 2. This study employed the Water Swallowing Test (WST) as the
diagnostic criterion for swallowing dysfunction, rather than swallowing fluoroscopy, which
may have affected the accuracy of the swallowing assessment to some extent. 3. Only
basic imaging features were assessed, without detailed lesion segmentation, volumetric
analysis, or evaluation of key swallowing-related cortical regions. 4. Patients unable to
complete bedside swallowing assessment were excluded; therefore, the model should
not be applied to patients with impaired consciousness, severe cognitive impairment,
tracheostomy, or mechanical ventilation without separate validation. 5. Because triglyceride
levels may reflect nutritional or metabolic status and comprehensive nutritional indicators
were unavailable, residual confounding and reverse causality cannot be excluded.

Author Contributions: X.Z. (Xinyu Zhang), H.L. and X.H.: Conceptualization; A.Z. and Q.M.:
Supervision; X.Z. (Xinyu Zhang), H.L., B.F. and A.Y.: Writing—Original Draft; X.Z. (Xinyu Zhang),
HL., J.C, XH, YL, X.Z. (Xiaoyan Zheng), Z.D., A.Z. and Q.M.: Writing—Review and Editing;
A.Z. and Q.M.: Methodology; A.Z. and Q.M.: Funding Acquisition; X.Z. (Xinyu Zhang) and H.L.:
Visualization. All authors have read and agreed to the published version of the manuscript.

Funding: This study was funded by Shanghai Fourth People’s Hospital 2025 Annual Discipline Boost
Program—Talent Boost Program project (SY-XKZT-2025-2001), Shanghai Fourth People’s Hospital
2024 Annual Discipline Boost Program—Talent Boost Program project (SY-XKZT-2024-1008), Special
funds for scientific research start-up of Shanghai Fourth People’s Hospital (sykyqd12401), and Special
funds for scientific research start-up of Shanghai Fourth People’s Hospital (sykyqd12201).

Institutional Review Board Statement: The study was approved by the ethics committee of Shanghai
Fourth People’s Hospital (Ethics Approval No. 2024236-001) (13 January 2025) and registered with
the China Clinical Trial Center (Registration No. CTR2500095810).

Informed Consent Statement: Since this was a retrospective study, exemption from informed consent
was applied.

Data Availability Statement: The data presented in this study are available on request from the
corresponding authors. The data are not publicly available due to privacy or ethical restrictions.

Acknowledgments: The authors thank all participants involved in this study.

Conflicts of Interest: The authors declare that the research was conducted in the absence of any
commercial or financial relationships that could be construed as a potential conflict of interest.

References

1. Fan,J; Li, X,; Yu, X,; Liu, Z; Jiang, Y.; Fang, Y.; Zong, M.; Suo, C.; Man, Q.; Xiong, L. Global Burden, Risk Factor Analysis, and
Prediction Study of Ischemic Stroke, 1990-2030. Neurology 2023, 101, e137—e150. [CrossRef] [PubMed]

2. Alpert, ].S.; Simon, H.B. The American Journal of Medicine Responds. Am. . Med. 2021, 134, 417. [CrossRef] [PubMed]

3. Martino, R; Foley, N.; Bhogal, S.; Diamant, N.; Speechley, M.; Teasell, R. Dysphagia after stroke: Incidence, diagnosis, and
pulmonary complications. Stroke 2005, 36, 2756-2763. [CrossRef] [PubMed]

4. Labeit, B.; Michou, E.; Trapl-Grundschober, M.; Suntrup-Krueger, S.; Muhle, P.; Bath, PM.; Dziewas, R. Dysphagia after stroke:
Research advances in treatment interventions. Lancet Neurol. 2024, 23, 418-428. [CrossRef] [PubMed]

5. Cohen, D.L.; Roffe, C.; Beavan, J.; Blackett, B.; Fairfield, C.A.; Hamdy, S.; Havard, D.; McFarlane, M.; McLauglin, C.; Randall,
M.; et al. Post-stroke dysphagia: A review and design considerations for future trials. Int. |. Stroke 2016, 11, 399-411. [CrossRef]
[PubMed]

6. Palli, C.; Fandler, S.; Doppelhofer, K.; Niederkorn, K.; Enzinger, C.; Vetta, C.; Trampusch, E.; Schmidt, R.; Fazekas, F; Gattringer, T.

Early Dysphagia Screening by Trained Nurses Reduces Pneumonia Rate in Stroke Patients: A Clinical Intervention Study. Stroke
2017, 48, 2583-2585. [CrossRef] [PubMed]

https://doi.org/10.3390 /healthcare14142100


https://doi.org/10.1212/wnl.0000000000207387
https://www.ncbi.nlm.nih.gov/pubmed/37197995
https://doi.org/10.1016/j.amjmed.2021.02.001
https://www.ncbi.nlm.nih.gov/pubmed/33609529
https://doi.org/10.1161/01.str.0000190056.76543.eb
https://www.ncbi.nlm.nih.gov/pubmed/16269630
https://doi.org/10.1016/s1474-4422(24)00053-x
https://www.ncbi.nlm.nih.gov/pubmed/38508837
https://doi.org/10.1177/1747493016639057
https://www.ncbi.nlm.nih.gov/pubmed/27006423
https://doi.org/10.1161/strokeaha.117.018157
https://www.ncbi.nlm.nih.gov/pubmed/28716980
https://doi.org/10.3390/healthcare14142100

Healthcare 2026, 14, 2100 13 of 14

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

Al-Khaled, M.; Matthis, C.; Binder, A.; Mudeter, J.; Schattschneider, J.; Pulkowski, U.; Strohmaier, T.; Niehoff, T.; Zybur, R.; Eggers,
J.; et al. Dysphagia in Patients with Acute Ischemic Stroke: Early Dysphagia Screening May Reduce Stroke-Related Pneumonia
and Improve Stroke Outcomes. Cerebrovasc. Dis. 2016, 42, 81-89. [CrossRef] [PubMed]

Hwang, C.H.; Choi, K.H.; Ko, Y.S.; Leem, C.M. Pre-emptive swallowing stimulation in long-term intubated patients. Clin. Rehabil.
2007, 21, 41-46. [CrossRef] [PubMed]

Ogawa, Y,; Inagawa, M.; Kimura, M.; lida, T.; Hirai, A.; Yoshida, T.; Ito, N.; Kawahara, Y.; Ueda, R.; Morohoshi, A.; et al.
Nutritional intervention after an early assessment by a flexible endoscopic evaluation of swallowing is associated with a shorter
hospital stay for patients with acute cerebral infarction: A retrospective study. Asia Pac. |. Clin. Nutr. 2021, 30, 199-205. [CrossRef]
[PubMed]

Dziewas, R.; Michou, E.; Trapl-Grundschober, M.; Lal, A.; Arsava, E.M.; Bath, PM.; Clavé, P; Glahn, J.; Hamdy, S.; Pownall, S.;
et al. European Stroke Organisation and European Society for Swallowing Disorders guideline for the diagnosis and treatment of
post-stroke dysphagia. Eur. Stroke J. 2021, 6, LXXXIX-CXV. [CrossRef] [PubMed]

Virvidaki, I.E.; Nasios, G.; Kosmidou, M.; Giannopoulos, S.; Milionis, H. Swallowing and Aspiration Risk: A Critical Review of
Non Instrumental Bedside Screening Tests. J. Clin. Neurol. 2018, 14, 265-274. [CrossRef] [PubMed]

Cordier, R.; Speyer, R.; Martinez, M.; Parsons, L. Reliability and Validity of Non-Instrumental Clinical Assessments for Adults
with Oropharyngeal Dysphagia: A Systematic Review. J. Clin. Med. 2023, 12, 721. [CrossRef] [PubMed]

Balcerak, P.; Corbiere, S.; Zubal, R.; Kégi, G. Post-stroke Dysphagia: Prognosis and Treatment-A Systematic Review of RCT on
Interventional Treatments for Dysphagia Following Subacute Stroke. Front. Neurol. 2022, 13, 823189. [CrossRef] [PubMed]
Chen, P.C; Chuang, C.H.; Leong, C.P; Guo, S.E.; Hsin, Y.J. Systematic review and meta-analysis of the diagnostic accuracy of the
water swallow test for screening aspiration in stroke patients. J. Adv. Nurs. 2016, 72, 2575-2586. [CrossRef] [PubMed]

Osawa, A.; Maeshima, S.; Tanahashi, N. Water-swallowing test: Screening for aspiration in stroke patients. Cerebrovasc. Dis. 2013,
35,276-281. [CrossRef] [PubMed]

Zhang, H.; Ye, C,; Zhang, S.; Yang, D.; Gong, X.; Li, S.; Xue, W.; Su, J.; Zhao, L.; Qiu, Y.; et al. Association between health literacy
and dysphagia in the community-dwelling older population: A cross-sectional study. Aging Clin. Exp. Res. 2023, 35, 2165-2172.
[CrossRef] [PubMed]

Banda, K.J.; Chu, H.; Kang, X.L.; Liu, D.; Pien, L.C.; Jen, H.J.; Hsiao, S.-T.S.; Chou, K.-R. Prevalence of dysphagia and risk of
pneumonia and mortality in acute stroke patients: A meta-analysis. BMC Geriatr. 2022, 22, 420. [CrossRef] [PubMed]

Peduzzi, P.; Concato, J.; Kemper, E.; Holford, T.R.; Feinstein, A.R. A simulation study of the number of events per variable in
logistic regression analysis. J. Clin. Epidemiol. 1996, 49, 1373-1379. [CrossRef] [PubMed]

Riley, R.D.; Ensor, J.; Snell, K.LLE.; Harrell, EE., Jr.; Martin, G.P,; Reitsma, J.B.; Moons, K.G.M.; Collins, G.; van Smeden, M.
Calculating the sample size required for developing a clinical prediction model. BM] 2020, 368, m441. [CrossRef] [PubMed]
Jones, C.A.; Colletti, C.M.; Ding, M.C. Post-stroke Dysphagia: Recent Insights and Unanswered Questions. Curr. Neurol. Neurosci.
Rep. 2020, 20, 61. [CrossRef] [PubMed]

Imaz-Higuera, J.; Prats-Boluda, G.; Ye-Lin, Y.; Martinez-de-Juan, ].L.; Gutierrez-Delgado, M.; Prieto-House, ].; Mas-Sesé, G.; Belda-
Calabuig, A.; Garcia-Casado, J. Post-Stroke Dysphagia: Evaluating myoelectric alterations in swallowing muscles. Measurement
2025, 249, 117010. [CrossRef]

Cullins, M.].; Connor, N.P. Reduced tongue force and functional swallowing changes in a rat model of post stroke dysphagia.
Brain Res. 2019, 1717, 160-166. [CrossRef] [PubMed]

Wei, K.C.; Wang, T.G.; Hsiao, M.Y. The Cortical and Subcortical Neural Control of Swallowing: A Narrative Review. Dysphagia
2024, 39, 177-197. [PubMed]

Otto, D.M.; Ribeiro, M.C.; Barea, L.M.; Mancopes, R.; Almeida, S.T. Association between neurological injury and the severity of
oropharyngeal dysphagia after stroke. Codas 2016, 28, 724-729. [CrossRef] [PubMed]

Brott, T.; Adams, H.P, Jr.; Olinger, C.P.; Marler, ].R.; Barsan, W.G; Biller, J.; Spilker, ]J.; Holleran, R.; Eberle, R.; Hertzberg, V.
Measurements of acute cerebral infarction: A clinical examination scale. Stroke 1989, 20, 864-870. [CrossRef] [PubMed]

Okubo, P.C.; Fébio, S.R.; Domenis, D.R.; Takayanagui, O.M. Using the National Institute of Health Stroke Scale to predict
dysphagia in acute ischemic stroke. Cerebrovasc. Dis. 2012, 33, 501-507. [CrossRef] [PubMed]

Jeyaseelan, R.D.; Vargo, M.M.; Chae, J. National Institutes of Health Stroke Scale (NIHSS) as An Early Predictor of Poststroke
Dysphagia. PM&R 2015, 7, 593-598.

Pinho, J.; Meyer, T.; Schumann-Werner, B.; Becker, J.; Tauber, S.; Nikoubashman, O.; Wiesmann, M.; Schulz, ].B.; Werner, C.J.;
Reich, A. Swallowing muscle mass contributes to post-stroke dysphagia in ischemic stroke patients undergoing mechanical
thrombectomy. J. Cachexia Sarcopenia Muscle 2024, 15, 1539-1548. [CrossRef] [PubMed]

Foley, N.C.; Martin, R.E.; Salter, K.L.; Teasell, R.W. A review of the relationship between dysphagia and malnutrition following
stroke. J. Rehabil. Med. 2009, 41, 707-713. [CrossRef] [PubMed]

Sabbouh, T.; Torbey, M.T. Malnutrition in Stroke Patients: Risk Factors, Assessment, and Management. Neurocritical Care 2018, 29,
374-384. [PubMed]

https://doi.org/10.3390 /healthcare14142100


https://doi.org/10.1159/000445299
https://www.ncbi.nlm.nih.gov/pubmed/27074007
https://doi.org/10.1177/0269215506071286
https://www.ncbi.nlm.nih.gov/pubmed/17213240
https://doi.org/10.6133/apjcn.202106_30(2).0003
https://www.ncbi.nlm.nih.gov/pubmed/34191421
https://doi.org/10.1177/23969873211039721
https://www.ncbi.nlm.nih.gov/pubmed/34746431
https://doi.org/10.3988/jcn.2018.14.3.265
https://www.ncbi.nlm.nih.gov/pubmed/29504298
https://doi.org/10.3390/jcm12020721
https://www.ncbi.nlm.nih.gov/pubmed/36675650
https://doi.org/10.3389/fneur.2022.823189
https://www.ncbi.nlm.nih.gov/pubmed/35547370
https://doi.org/10.1111/jan.13013
https://www.ncbi.nlm.nih.gov/pubmed/27237447
https://doi.org/10.1159/000348683
https://www.ncbi.nlm.nih.gov/pubmed/23548854
https://doi.org/10.1007/s40520-023-02499-4
https://www.ncbi.nlm.nih.gov/pubmed/37505395
https://doi.org/10.1186/s12877-022-02960-5
https://www.ncbi.nlm.nih.gov/pubmed/35562660
https://doi.org/10.1016/s0895-4356(96)00236-3
https://www.ncbi.nlm.nih.gov/pubmed/8970487
https://doi.org/10.1136/bmj.m441
https://www.ncbi.nlm.nih.gov/pubmed/32188600
https://doi.org/10.1007/s11910-020-01081-z
https://www.ncbi.nlm.nih.gov/pubmed/33136216
https://doi.org/10.1016/j.measurement.2025.117010
https://doi.org/10.1016/j.brainres.2019.04.023
https://www.ncbi.nlm.nih.gov/pubmed/31022397
https://www.ncbi.nlm.nih.gov/pubmed/37603047
https://doi.org/10.1590/2317-1782/20162015139
https://www.ncbi.nlm.nih.gov/pubmed/27925016
https://doi.org/10.1161/01.str.20.7.864
https://www.ncbi.nlm.nih.gov/pubmed/2749846
https://doi.org/10.1159/000336240
https://www.ncbi.nlm.nih.gov/pubmed/22538772
https://doi.org/10.1002/jcsm.13512
https://www.ncbi.nlm.nih.gov/pubmed/38890004
https://doi.org/10.2340/16501977-0415
https://www.ncbi.nlm.nih.gov/pubmed/19774302
https://www.ncbi.nlm.nih.gov/pubmed/28799021
https://doi.org/10.3390/healthcare14142100

Healthcare 2026, 14, 2100 14 of 14

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

Chalela, ].A.; Haymore, J.; Schellinger, P.D.; Kang, D.W.; Warach, S. Acute stroke patients are being underfed: A nitrogen balance
study. Neurocritical Care 2004, 1, 331-334. [CrossRef] [PubMed]

Springer, J.; Schust, S.; Peske, K.; Tschirner, A.; Rex, A.; Engel, O.; Scherbakov, N.; Meisel, A.; von Haehling, S.; Boschmann, M.;
et al. Catabolic signaling and muscle wasting after acute ischemic stroke in mice: Indication for a stroke-specific sarcopenia.
Stroke 2014, 45, 3675-3683. [CrossRef] [PubMed]

Gallagher, J.C.; Bikle, D. An Issue of Endocrinology and Metabolism Clinics of North America; Elsevier Health Sciences: Amsterdam,
The Netherlands, 2017.

Sloop, G.D.; Weidman, J.J.; St Cyr, J.A. Perspective: Interesterified triglycerides, the recent increase in deaths from heart disease,
and elevated blood viscosity. Ther. Adv. Cardiovasc. Dis. 2018, 12, 23-28. [PubMed]

Basu, D.; Bornfeldt, K.E. Hypertriglyceridemia and Atherosclerosis: Using Human Research to Guide Mechanistic Studies in
Animal Models. Front. Endocrinol. 2020, 11, 504. [CrossRef]

Ikenouchi, H.; Nozue, K.; Yamaguchi, S.; Miyamoto, T.; Yamamoto, N.; Endo, K. Geriatric nutrition risk index predicts prolonged
post-stroke dysphagia in acute ischemic stroke. J. Stroke Cerebrovasc. Dis. 2023, 32, 107207. [CrossRef] [PubMed]

Zhang, Z.; Pereira, S.L.; Luo, M.; Matheson, E.M. Evaluation of Blood Biomarkers Associated with Risk of Malnutrition in Older
Adults: A Systematic Review and Meta-Analysis. Nutrients 2017, 9, 829. [CrossRef] [PubMed]

Flowers, H.L.; Skoretz, S.A.; Streiner, D.L.; Silver, FL.; Martino, R. MRI-based neuroanatomical predictors of dysphagia after
acute ischemic stroke: A systematic review and meta-analysis. Cerebrovasc. Dis. 2011, 32, 1-10. [CrossRef] [PubMed]

Galovic, M; Leisi, N.; Miiller, M.; Weber, ].; Abela, E.; Kédgi, G.; Weder, B. Lesion location predicts transient and extended risk of
aspiration after supratentorial ischemic stroke. Stroke 2013, 44, 2760-2767. [CrossRef] [PubMed]

D'Netto, P.; Rumbach, A.; Dunn, K.; Finch, E. Clinical Predictors of Dysphagia Recovery After Stroke: A Systematic Review.
Dysphagia 2023, 38, 1-22. [PubMed]

Wilmskoetter, J.; Bonilha, L.; Martin-Harris, B.; Elm, ].J.; Horn, J.; Bonilha, H.S. Mapping acute lesion locations to physiological
swallow impairments after stroke. Neuroimage Clin. 2019, 22, 101685. [CrossRef] [PubMed]

Zhang, L.; Tang, X.; Wang, C.; Ding, D.; Zhu, J.; Zhou, Y.; Diao, S.; Kong, Y.; Cai, X,; Li, C.; et al. Predictive Model of Dysphagia
and Brain Lesion-Symptom Mapping in Acute Ischemic Stroke. Front. Aging Neurosci. 2021, 13, 753364. [CrossRef] [PubMed]
Mulheren, R.W.; Gonzélez-Fernandez, M. Swallow Screen Associated With Airway Protection and Dysphagia After Acute Stroke.
Arch. Phys. Med. Rehabil. 2019, 100, 1289-1293. [CrossRef] [PubMed]

Zhang, P.; Zhang, W.; Shi, W.; Weng, ]J.; Zhang, Z.; Lin, C.; Wang, N.; Shen, Z.; Chen, Z.-L. Swallowing function after acute
ischemic stroke: Development and validation of a novel clinical prognostic model. Front. Nutr. 2022, 9, 970253. [CrossRef]
[PubMed]

Mao, L.; Wang, J.; Li, Y.; Zheng, ].; Fan, D.; Wei, S.; Wu, X.; Yang, X.; Wang, D. Risk factors for dysphagia in patients with acute
and chronic ischemic stroke: A retrospective cohort study. Heliyon 2024, 10, e24582. [CrossRef] [PubMed]

Bahcecy, K.; Umay, E.; Gundogdu, I; Gurcay, E.; Ozturk, E.; Alicura, S. The effect of swallowing rehabilitation on quality of life of
the dysphagic patients with cortical ischemic stroke. Iran. J. Neurol. 2017, 16, 178-184. [PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390 /healthcare14142100


https://doi.org/10.1385/ncc:1:3:331
https://www.ncbi.nlm.nih.gov/pubmed/16174930
https://doi.org/10.1161/strokeaha.114.006258
https://www.ncbi.nlm.nih.gov/pubmed/25352483
https://www.ncbi.nlm.nih.gov/pubmed/29265001
https://doi.org/10.3389/fendo.2020.00504
https://doi.org/10.1016/j.jstrokecerebrovasdis.2023.107207
https://www.ncbi.nlm.nih.gov/pubmed/37295174
https://doi.org/10.3390/nu9080829
https://www.ncbi.nlm.nih.gov/pubmed/29048369
https://doi.org/10.1159/000324940
https://www.ncbi.nlm.nih.gov/pubmed/21576937
https://doi.org/10.1161/strokeaha.113.001690
https://www.ncbi.nlm.nih.gov/pubmed/23887840
https://www.ncbi.nlm.nih.gov/pubmed/35445366
https://doi.org/10.1016/j.nicl.2019.101685
https://www.ncbi.nlm.nih.gov/pubmed/30711683
https://doi.org/10.3389/fnagi.2021.753364
https://www.ncbi.nlm.nih.gov/pubmed/35250532
https://doi.org/10.1016/j.apmr.2018.12.032
https://www.ncbi.nlm.nih.gov/pubmed/30684489
https://doi.org/10.3389/fnut.2022.970253
https://www.ncbi.nlm.nih.gov/pubmed/36726819
https://doi.org/10.1016/j.heliyon.2024.e24582
https://www.ncbi.nlm.nih.gov/pubmed/38304775
https://www.ncbi.nlm.nih.gov/pubmed/29736223
https://doi.org/10.3390/healthcare14142100

	Introduction 
	Material and Methods 
	Subjects 
	Imaging Assessment 
	Predictors and Outcomes 
	Statistical Methodology 

	Results 
	Demographics and Clinical Characteristics 
	Predictor Screening 
	Construction of the Risk Prediction Nomogram for Swallowing Dysfunction After Acute Ischemic Stroke 
	Risk Prediction Model Validation 

	Discussion 
	Conclusions 
	Limitations 
	References

