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Drum Tower Hospital of Nanjing University Medical School, Nanjing, China

Objective: To develop and validate a new prediction model based on the Lass-
logistic regression with inflammatory serologic markers for the assessment of
carotid plaque stability, providing clinicians with a reliable tool for risk
stratification and decision-making in the management of carotid artery disease.
Methods: In this study, we retrospectively collected the data of the patients who
underwent carotid endarterectomy (CEA) from 2019 to 2023 in Nanjing Drum
Tower Hospital. Demographic characteristics, vascular risk factors, and the results
of preoperative serum biochemistry were measured and collected. The risk
factors for vulnerable carotid plague were analyzed. A Lasso-logistic regression
prediction model was developed and compared with traditional logistic
regression models. The Akaike information criterion (AIC) and Bayesian
information criterion (BIC) were used to evaluate the performance of three models.
Results: A total of 131 patients were collected in this study, including 66 (50.4%) in
the vulnerable plague group and 65 (49.6%) in the stable plague group. The final
Lasso-logistic regression model included 4 features:IL-6, TSH, TSHI, and TT4RI;
AIC =161.6376, BIC =176.0136, both lower than the all-variable logistic
regression model (AIC = 181.0881, BIC = 261.5936), and the BIC was smaller than
the stepwise logistic regression model (AIC =154.024, BIC =179.9007). Finally,
the prediction model was constructed based on the variables screened by the
Lasso regression, and the model had favorable discrimination and calibration.
Conclusions: The noninvasive prediction model based on IL-6 and TSHI is a
quantitative tool for predicting vulnerable carotid plaques. It has high
diagnostic efficacy and is worth popularizing and applying.

KEYWORDS

carotid artery stenosis, thyroid hormone sensitivity, stability of plaques, lasso-logistic
regression, nomogram

1 Introduction

Carotid artery stenosis is a primary risk factor for ischemic stroke, a condition
responsible for a large proportion of all stroke cases. This stenosis primarily results
from atherosclerosis, where narrowing of the vessel lumen due to atherosclerotic
plaques is the main characteristic (1). Clinically, carotid artery stenosis often presents
with cerebral ischemia and stroke, contributing to a growing global stroke burden as
stroke incidence shifts toward younger populations (2). Consequently, the evaluation
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and treatment of carotid artery disease have been central topics in
cardiovascular and neurological research.

While stenosis severity has traditionally guided risk assessment,
research indicates that the characteristics of carotid plaques—such
as volume, composition, and stability—are critical in determining
stroke risk. Indeed, carotid stenosis alone may not fully predict
stroke occurrence (3). Thus, identifying vulnerable, instability-prone
plaques is crucial for stroke prevention and for assessing
cardiovascular event risk (4). Identifying and managing these
plaques can aid in clinical decision-making, especially for patients
undergoing carotid endarterectomy (CEA), where plaque stability
impacts postoperative outcomes and risks (5). Vulnerable plaques,
marked by inflammation and intraplaque neovascularization, have
post-surgery,
thrombosis, restenosis, and even stroke (6-8).

been associated with adverse events including

Traditional imaging methods help assess plaque size and location but
have limitations in predicting rupture risk (9, 10). Given that vulnerable
plaques exhibit distinct histopathologic features—such as lipid-rich
necrotic cores, a fragile fibrous cap, and inflammatory activity (11-13)
—biomarker-based assessments are increasingly considered as
adjunctive tools (14). Research into blood-based biomarkers, including
high-sensitivity C-reactive protein and interleukins, has shown
associations with cardiovascular events and may help in assessing
plaque stability (15-17). Thyroid hormones have been suggested to
stability through mechanisms
involving lipid metabolism, inflammation, oxidative stress, and

influence atherosclerotic  plaque

endothelial function, yet their role remains under debate. Indicators
such as TSH and FT4, reflecting overall thyroid hormone levels, have
been linked to an increased risk of atherosclerosis, particularly when
TSH is high or FT4 is low (18, 19). However, given the complexity of
the hypothalamic-pituitary-thyroid axis, single serum markers may
not capture thyroid function adequately. Composite thyroid hormone
sensitivity indices offer a more comprehensive approach to
understanding the relationship between thyroid function and carotid
atherosclerotic plaque stability, though their specific relevance to
plaque vulnerability requires further study.

Considering the potential collinearity among thyroid hormone
indices, lipid metabolism markers, and serum inflammation
indicators, we chose to use Lasso regression for variable selection
This
multicollinearity, allowing for the identification of the most

and model development. approach helps mitigate
relevant predictors and reducing overfitting risk.

Therefore, our study aims to develop and validate a clinical
predictive model centered on serologic markers for assessing
carotid plaque stability. We envision this model as a non-
invasive, cost-effective adjunct to existing imaging-based
diagnostic approaches, providing clinicians with a practical risk

stratification tool for managing carotid artery disease.

2 Materials and methods

2.1 Patients

This single-center retrospective study consisted of patients
from the Department of Vascular Surgery in Nanjing Drum
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Tower Hospital between 2019 and 2023 who underwent carotid
endarterectomy. Inclusion criteria were as follows: Age >45
years, with no gender restriction. Diagnosis of carotid stenosis
confirmed by carotid ultrasound examination within the past 3
months. Underwent carotid endarterectomy at our hospital and
isolated carotid plaques were obtained. Informed about the study
details, and signed the informed consent form. Exclusion criteria
were the presence of hematologic systemic diseases or malignant
tumors. Presence of other cardiovascular diseases (e.g., severe
coronary artery disease, valvular heart disease, atrial fibrillation).
History of abnormal thyroid function or thyroid surgery. Use of
thyroid hormone replacement therapy or antithyroid
medications, such as methimazole or propylthiouracil. Presence
of chronic kidney disease, hepatic, or other organ insufficiency.
Presence of autoimmune diseases (e.g., Sjogren’s syndrome,
Takayasu arteritis, ulcerative colitis, Crohn’s disease). Patients
with incomplete e s sential clinical data, such as preoperative age
and relevant laboratory indicators, were excluded from the study.
General information of the patients and preoperative
examination results were collected for this study, which was
approved by the Ethics Committee of Nanjing Drum Tower

Hospital (No. 2024-866-01).

2.2 Detection methods and observational
indexes

2.2.1 Basic data

Gender, age, body mass index (BMI), history of hypertension,
diabetes mellitus, and stroke were documented for each study
subject upon hospitalization.

2.2.2 Laboratory indices

Routine preoperative serum biochemistry data were collected
upon hospitalization, including albumin, glucose, triglycerides,
total cholesterol, C-reactive protein, hemoglobin, procalcitonin,
IL-6, D-dimer, thyroid hormones, and others.

2.2.3 Plaque stability assessment

Histological characteristics of vulnerable plaques include active
inflammation, large necrotic cores, thin fibrous caps, and
intraplaque hemorrhage (11-13). Macrophages not only initiate
inflammation in ruptured plaques but also degrade the
extracellular matrix through protease secretion, leading to fibrous
cap thinning and fracturing. Reduced smooth muscle cells
diminish extracellular matrix synthesis and collagen repair,
resulting in decreased fibrous cap thickness. Vulnerable plaques
were assessed using a cumulative score based on intraplaque
macrophages, collagen fibers, contractile smooth muscle cells,
and intraplaque hemorrhage (20). Plaque processing involved:
CD68 and o-SMA to label

macrophages and smooth muscle cells, respectively, quantified

immunohistochemistry  for

using ImageJ; Masson staining to detect collagen fiber content,
also quantified with ImageJ; Prussian blue staining to evaluate
intraplaque hemorrhage. included:

Specific scoring criteria

macrophage infiltration (none/slight=0 points, moderate/severe
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=1 point), collagen fiber quantity (moderate/majority =0 points,
none/small amount=1 point), smooth muscle cell presence
(moderate/majority =0 points, none/small amount=1 point),
and intraplaque hemorrhage (absent=0 points, present=1
point). Higher scores indicate poorer plaque stability, with scores
<2 classified as stable plaques and >2 as vulnerable plaques
(Supplementary Figure S1).

2.2.4 Calculation of thyroid hormone sensitivity-
related indices

Serum concentrations of TSH, FT3, and FT4 were measured
using a fully automated immunochemiluminescence kit. The
reference ranges for TSH, FT3, and FT4 were 0.27-4.2 mIU/L,
3.1-6.8 pmol/L, and 12-22 pmol/L. Indices reflecting central
thyroid hormone sensitivity include TSHI, TT4RI, and TFQI.
TSHI is a simple index proposed by Jostel et al. for assessing
pituitary sensitivity to thyroid hormones. Maximum pituitary
TSH reserve is assessed by extrapolating the TSH feedback
inhibition from the measured FT4 concentration to the
standardized uninhibited TSH, assuming the FT4 value to be 0
(21, 22). The TT4RI index, first proposed by Yagi et al., assesses
pituitary sensitivity to thyroid hormones (23). TFQI, a quartile-
based thyroid feedback index, was introduced by Laclaustra’s
team. It quantifies the deviation of the pituitary’s response to the
inhibitory effects of thyroid hormones in a continuous manner,
showing the deviation of TSH measurements from actual values.
This index is advantageous as it remains relatively stable even in
the presence of abnormal thyroid function (24, 25). TSHI,
TT4RI, and TFQI reflect central sensitivity to thyroid hormones,
with higher values indicating lower central sensitivity. The
calculated values based on existing studies are presented in
Supplementary Table S2.

2.2.5 Lasso-logistic modeling fundamentals

In this study, we employ the Least Absolute Shrinkage and
Selection Operator (Lasso) regression method. The Lasso method
falls under the umbrella of coefficient regularization techniques,
leveraging penalization within the context of least squares
regression (26). Let (Xi, yi), i=1, ..., n represent the observed
values from n independent samples, where Xi=(Xi.l, ..., Xi, j)
denotes the jth attribute value of the ith individual, and yi € {0,
1} indicates the outcome categories, with 0 denoting a stable
carotid plaque and 1 denoting a vulnerable carotid plaque. The
coefficient estimation is expressed as follows:

n ]
B0 = arg mBin Z { Vi <l30 + EM,ij)
i=1 =1
] J
_10g{1 + exp(BO + Zx,-,jﬁjﬂ } + )\Z |Bj]
i=1 j=1

J

where B represents the coefficient estimate of the Lasso-

logistic regression model. A serves as the regularization
parameter, controlling the impact of the penalty term through its

adjustment. The choice of 4 is critical, influencing the extent of
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compression; larger values of A lead to increased sparsity in
parameter estimation, reducing non-zero parameter independent
variables and enhancing variable selection within the model. The
most commonly used method for A estimation is 10-fold cross-
validation, which selects the 4 associated with the smallest error
as the optimal tuning parameter.

2.2.6 Model fitting evaluation
The fundamental method
performance involves the direct calculation of metrics such as

most of evaluating model

average absolute error, average variance, coefficient of
determination (R?), and adjusted coefficient of determination
(R*_adj), among others, selecting the model with the smallest
error and highest correlation. Dichotomous classification models
are typically evaluated using Receiver Operating Characteristic
(ROC) curves and the Area Under the Curve (AUC), where a
larger AUC indicates better classification performance. However,
these evaluation methods share a common limitation in that they
only assess model performance, irrespective of model complexity.
In contrast, information criteria adeptly balance model complexity

and performance, scoring models using probabilistic statistics.

2.2.6.1 The Akaike information criterion (AIC)

AIC assesses the goodness of fit of a statistical model, based on
entropy, which not only considers the complexity of the
estimated model but also evaluates the model’s fit to the data
(27). Generally, a larger sample size results in a smaller AIC
value, indicating better model fit. Therefore, models with the
smallest AIC value are preferred during the fitting process.

2.2.6.2 The Bayesian information criterion (BIC)

BIC developed on Bayesian probability principles, aims to estimate
partially unknown states using subjective probabilities and correct
occurrence probabilities using Bayesian formulas (28). It then makes
optimal decisions based on expected values and corrected
probabilities. Similar to AIC, BIC maximizes likelihood function
estimation, with smaller BIC values indicating better model fit. In
contrast to BIC, AIC imposes a smaller penalty on model parameters
and tends to select more complex models, while BIC imposes stricter
penalties and favors simpler models with fewer parameters.

Both AIC and BIC have strengths and weaknesses in
evaluating model effects; therefore, this study combines both to
comprehensively assess model fitting. To compare variable
selection using the Lasso method, this study applies traditional
logistic regression, stepwise logistic regression, and Lasso-
logistic regression models, evaluating their fitting effects using
AIC and BIC.

2.2.7 Statistical analyses

All statistical analyses were performed using the R-4.3.0
data that
distribution were expressed as Mean+SD and independent

software. Quantitative conformed to normal
samples t-test was used for comparison between groups;
quantitative data that did not conform to normal distribution
were expressed as M (P25, P75), and Mann-Whitney U-test was

used for comparison between groups; and categorical data were
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expressed as the number of cases (percentage), and Pearson’s chi- 3 Results

square test was used for comparison between groups. A Lasso-

logistic regression model was developed using the “glmnet” 3.1 Baseline data of enrolled patients

software package to explore the factors associated with vulnerable

plaques, and the selection of the reconciliation parameter A was A total of 131 patients who underwent carotid endarterectomy
performed using cross-validation, which was compared with  were included in this study, including 107 (81.68%) males and 24
all-variable logistic regression (univariate followed by multivariate, ~ (18.32%) females, as illustrated in Figure 1. Their average age was
with multifactorial included at p<0.2) and stepwise logistic  (67.61 +9.16) years. According to the plaque vulnerability score, 66
regression (backward, conditional, & in =0.05, @ out = 0.10). Akaike  cases (50.38%) were vulnerable plaques and 65 cases (49.62%) were
information criterion (AIC) and Bayesian information criterion  stable plaques (Supplementary Table S$3). Comparing the
(BIC) were used to evaluate the fit goodness of the model. The  vulnerable plaque group with the stable plaque group, there were
receiver operating characteristic curve (ROC) curve was used to  no statistically significant differences in gender, age, BMI, smoking,
analyze the predictive value of relevant clinical variables on carotid  history of hypertension, history of diabetes, history of stroke,
plaque stability. The area under the curve (AUC) and calibration ~ albumin, glucose, triglycerides, total cholesterol, H-cholesterol,
curve were used to assess the differentiation and accuracy of the = L-cholesterol, Apo AI, Apo B, C-reactive protein, hemoglobin,
prediction model. Nomograms of the Lasso-logistic regression  procalcitonin, D-dimer, FT3, and FT4 (p>0.05). There was a
model and calibration curves were plotted using the “rms” package.  statistical difference between the two groups in terms of alcohol
The test level was taken as a=0.05 (two-side). consumption history. Compared with patients in the carotid plaque

Collect clinical data from patients
who underwent CEA and obtained
in vitro carotid plaque specimens

Meet the inclusion and
exclusion criteria

A

A
A total of 131 patients were
selected for the study

v v
Stable plaque group Vulnerable plaque group
n=65 n=66
I I
v
( Perform preliminary analysis using )

univariate logistic regression for

L relevant indicators )

A 4

Use Lasso regression analysis for
variable selection

A 4

Conduct multivariate logistic
regression analysis

A 4

p
Develop a clinical prediction model )
and evaluate its performance

FIGURE 1
Flow chart of study design.
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stabilization group, patients in the plaque vulnerability group had
higher IL-6, TSH, TSHI, TT4RI, and TFQI, and the difference was
statistically significant (P < 0.05) (Table 1).

3.2 Factors associated with plaque stability:
univariate logistic regression analysis

Univariate analysis revealed that the vulnerable plaque
group had higher levels of TSH, TSHI, TT4RI, and TFQI. The
ORs for these variables were as follows: TSH, OR=2.05 (95%
CL: 1.44-291); TSHI, OR=4.41 (95% CIL: 2.05-9.48); TT4RI,
OR=1.05 (95% CI 1.03-1.07); and TFQI, OR=6.57 (95% CI:
2.10-20.57). All associations were statistically significant, with
P-values < 0.05 (Table 2).

10.3389/fcvm.2024.1484273

3.3 Variable selection and results in
multivariate logistic regression

All-variable logistic regression and stepwise logistic regression
(backward, conditional, & in=0.05, & out=0.10) were established.
The stability of plaque served as dependent variable. Statistically
different correlations in the univariate analysis served as the
independent variables; Lasso-logistic regression was established
utilizing the relevant factors selected by Lasso regression.

3.3.1 Correlation analysis and multiple covariance
diagnosis among independent variables

Considering the correlation among different independent
variables, the Pearson correlation coefficient (29) was chosen to

TABLE 1 Baseline data of 131 patients.

Features

Vulnerable

(n = 66)

Statistics

P-value

Gender (n, %) 2*=0.89 0.345
Female 24 (18.32) 14 (21.54) 10 (15.15)
Male 107 (81.68) 51 (78.46) 56 (84.85)
Age (years) 67.61 £9.16 66.17 £ 8.92 69.03 £9.23 t=-1.80 0.074
BMI (kg/mz) 23.98 £3.22 24.18 +3.03 23.78 +£3.40 t=0.71 0.480
Smoking history (n, %) x> =0.08 0.775
No 79 (60.31) 40 (61.54) 39 (59.09)
Yes 52 (39.69) 25 (38.46) 27 (40.91)
Alcohol history (n, %) x> =3.95 0.047
No 104 (79.39) 47 (72.31) 57 (86.36)
Yes 27 (20.61) 18 (27.69) 9 (13.64)
Hypertension (n, %) x*=0.06 0.801
No 33 (25.19) 17 (26.15) 16 (24.24)
Yes 98 (74.81) 48 (73.85) 50 (75.76)
Type 2 diabetes (1, %) x> =0.46 0.498
No 87 (66.41) 45 (69.23) 42 (63.64)
Yes 44 (33.59) 20 (30.77) 24 (36.36)
Stroke (n, %) =275 0.097
No 63 (48.09) 36 (55.38) 27 (40.91)
Yes 68 (51.91) 29 (44.62) 39 (59.09)
Alb (g/L) 39.70 (38.50, 41.20) 39.70 (39.20, 41.30) 39.60 (38.02, 41.08) Z=-1.08 0.279
Glu (mmol/L) 4,99 (4.42, 5.85) 5.08 (4.60, 5.87) 4.80 (4.34, 5.71) Z=-140 0.162
TG (mmol/L) 1.17 (0.81, 1.67) 1.23 (0.84, 1.68) 1.15 (0.78, 1.58) Z=-0.87 0.384
TC (mmol/L) 3.69 (3.17, 4.22) 3.72 (3.19, 4.22) 3.65 (3.04, 4.21) Z=-024 0.813
HDL (mmol/L) 1.10 (0.90, 1.33) 1.04 (0.88, 1.32) 1.15 (0.97, 1.35) Z=-1.04 0.297
LDL (mmol/L) 1.90 (1.60, 2.54) 1.93 (1.62, 2.41) 1.88 (1.54, 2.63) Z=-0.12 0.903
Apo Al (g/L) 1.07 (0.93, 1.22) 1.05 (0.93, 1.22) 1.10 (0.92, 1.23) Z=-0.50 0.616
Apo B (g/L) 0.62 (0.56, 0.79) 0.62 (0.57, 0.77) 0.62 (0.54, 0.79) Z=-0.16 0.876
CRP (mg/L) 3.60 (2.50, 5.45) 3.60 (2.70, 5.20) 3.50 (2.50, 5.70) Z=-0.03 0.978
Hb (g/L) 134.00 (124.00,145.50) 134.00 (122.00, 145.00) 134.00 (124.25, 145.75) Z=-0.30 0.763
PCT (ng/ml) 0.05 (0.03, 0.17) 0.04 (0.03, 0.13) 0.05 (0.03, 0.19) Z=-121 0.227
IL-6 (pg/ml) 6.90 (3.60, 15.32) 5.70 (2.41, 13.65) 9.30 (4.41, 15.96) Z=-223 0.026
D-dimer (mg/L) 0.33 (0.21, 0.58) 0.31 (0.18, 0.51) 0.35 (0.25, 0.63) Z=-111 0.266
TSH (mIU/L) 2.25 (1.53, 3.42) 1.74 (1.38, 2.40) 2.91 (2.04, 3.63) Z=-424 <.001
FT3 (pmol/L) 4.64 (4.28, 4.92) 4.64 (441, 4.92) 4.62 (421, 4.97) Z=-062 0533
FT4 (pmol/L) 16.10 (14.75, 17.60) 16.30 (15.00, 17.50) 15.90 (14.07, 17.95) Z=-024 0.813
TSHI 2.95 (2.65, 3.33) 275 (2.39, 3.03) 320 (2.85, 3.45) Z=—4.49 <001
TT4RI 35.36 (25.38, 52.61) 28.39 (23.43, 39.02) 45.33 (33.68, 56.30) Z=-452 <.001
TEFQI 0.02 (=021, 0.24) —0.09 (=0.27, 0.05) 0.12 (=0.11, 0.35) Z=-345 <001

Abbreviations are provided in Supplementary Materials.

The bold values indicate P < 0.05.
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TABLE 2 Univariate logistic regression analysis of factors associated with
plaque stability in patients with carotid artery stenosis.

Featwres 5 SE__Z P OR®5%C)

Gender (n, %)

Female 1.00 (Reference)
Male 0.43 0.46 0.94 0.347 1.54 (0.63-3.77)
Age (years) 0.04 0.02 1.78 0.076 1.04 (1.00-1.08)
BMI (kg/mz) —0.04 0.05 -0.71 0.477 0.96 (0.86-1.07)
Smoking history (n, %)

No 1.00 (Reference)
Yes 0.10 0.36 0.29 0.775 1.11 (0.55-2.23)
Alcohol history (n, %)

No 1.00 (Reference)
Yes —0.89 0.45 -1.95 0.051 0.41 (0.17-1.00)
Hypertension (n, %)

No 1.00 (Reference)
Yes 0.10 0.40 0.25 0.801 1.11 (0.50-2.44)
Type 2 diabetes (n, %)

No 1.00 (Reference)
Yes 0.25 0.37 0.68 0.498 1.29 (0.62-2.66)
Stroke (n, %)

No 1.00 (Reference)
Yes 0.58 0.35 1.65 0.099 1.79 (0.90-3.58)
Alb (g/L) —0.08 0.07 -1.15 0.252 0.93 (0.81-1.06)
Glu (mmol/L) 0.06 0.09 0.67 0.502 1.07 (0.89-1.28)
TG (mmol/L) —0.15 0.22 —0.68 0.499 0.86 (0.56-1.33)
TC (mmol/L) 0.08 0.16 0.51 0.610 1.09 (0.79-1.50)
HDL (mmol/L) 0.36 0.58 0.62 0.535 1.43 (0.46-4.43)
LDL (mmol/L) 0.13 0.19 0.66 0.512 1.14 (0.78-1.66)
Apo AT (g/L) 0.10 0.80 0.13 0.897 1.11 (0.23-5.32)
Apo B (g/L) 0.63 0.65 0.98 0.328 1.88 (0.53-6.71)
CRP (mg/L) 0.04 0.03 1.41 0.158 1.04 (0.99-1.10)
Hb (g/L) 0.00 0.01 0.39 0.694 1.00 (0.98-1.03)
PCT (ng/ml) 1.03 0.93 111 0268 | 2.80 (0.45-17.36)
1L-6 (pg/ml) 0.03 0.02 1.77 0.077 1.03 (1.00-1.06)
D-dimer (mg/L) 0.32 0.29 1.07 0.283 1.37 (0.77-2.44)
TSH (mIU/L) 0.72 0.18 4.01 <.001 2.05 (1.44-2.91)
FT3 (pmol/L) —0.10 | 029 | -036 | 0717 0.90 (0.51-1.58)
FT4 (pmol/L) —0.02 | 008 | —021 0.835 0.98 (0.85-1.14)
TSHI 1.48 0.39 3.79 <.001 441 (2.05-9.48)
TT4RI 0.05 0.01 4.06 <.001 1.05 (1.03-1.07)
TFQI 1.88 0.58 3.23 0.001 6.57 (2.10-20.57)

B, beta coefficient; S.E, standard error of the mean; CI, confidence interval; OR, odds ratio;
CI, confidence interval.

analyze the correlation among all quantitative independent variables,
and finally, a total of 6 items (LDL, Apo B, Apo Al TSHI, TT4RI,
TFQI) (Figure 2) Multiple
covariance diagnosis was performed for all variables using variance

showed covariance problems.
inflation factor as well as tolerance. If VIF value >10 and tolerance
<0.1 were used as criteria for covariance (30), a total of 9 items
(TC, HDL, LDL, Apo B, TSH, FT4, TSHI, TT4RI, TFQI) showed

severe covariance (Supplementary Table S4).

3.3.2 Results of lasso regression analysis

Lasso regression analysis was performed on all independent
variables with ten-fold cross-validation to screen the most
representative predictors of vulnerable plaques, and the results
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are shown in Figures 3, 4. The location of the log(1) parameter
in this study was chosen to be the dashed line leaning to the left
in Figure 3, ie., the value of A at which the model error is the
smallest. Then the solution paths of Lasso regression coefficients
containing 27 independent variables are plotted according to the
optimal A4 values screened in Figure 3, as shown in Figure 4, and
four independent variables are finally screened out.

The variation of the independent variables in Lasso regression
with the value of A is shown in Figure 3: Figure 3 shows the
relationship between log(1) and Lasso regression coefficients,
with the vertical coordinate is the model regression coefficients,
the lower horizontal coordinate being log(1), and the upper
horizontal coordinate being the number of non-zero coefficients
independent variables in the model corresponding to different
log(1). As A increases, the degree of compression of each
independent variable coefficient estimate increases, and the
independent variable coefficients that have less impact on the
model prediction results are compressed to 0, and the number of
independent variables gradually decreases; Figure 4 shows the
relationship between log(1) and the corresponding number of
independent variables, with the vertical coordinate being the
model mean square error, the lower horizontal coordinate being
log(4), and the upper horizontal coordinate being the non-zero
of the independent
corresponding to the different log(4) Number. The left dotted
line indicates lambda.min, which is the value of 1 when the

coefficients in the model variables

model mean square error is at its minimum, at which time the
number of variables in the model is four. The right dotted line
indicates lambda.lse, which is the value of 2 when the model
mean square error is at one standard error, at which time the
number of variables in the model is two. In this study, we chose
A=0.0617 as the optimal model, and then the independent
variables screened by the Lasso regression were: IL-6, TSH,
TSHI, and TT4RI, with corresponding beta values of —0.01,
—0.16, —0.28, and —0.01, respectively.

3.3.3 Vulnerable plaque risk factor analysis results
and model evaluation

In this study, Lasso-logistic regression was performed and
compared with all-variable logistic regression as well as stepwise
logistic regression, and the results are shown in Table 3. IL-6
showed statistically significant (P <0.05) in all of three models.
Among them, the Lasso-logistic regression model AIC = 161.6376
and BIC=176.0136 were lower than the all-variable logistic
regression (AIC=181.0881 BIC=261.5936), and the BIC was
smaller than the stepwise logistic regression (AIC =154.024 BIC
=179.9007), suggesting that the Lasso-logistic regression model
has a better model fitting performance.

In addition, based on the four independent variables screened
by Lasso, several prediction models were fitted with carotid
plaque stability (stable plaque group or vulnerable plaque
group) as the dependent variable, as shown in Supplementary
Figure S2. Prediction models with favorable differentiation were
screened based on the AUC>0.75, yielding model 6, 7, 12, 13,
and 15, and IL6 + TSHI was ultimately selected to construct the
clinical prediction model. Reason: Model 6 includes only two
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Heat map of correlation between quantitative independent variables. *Denotes statistically significant correlations with p < 0.05.
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independent variables, namely, variables IL6 and TSHI, relative to
other models, so the model structure is relatively simple, easier to
interpret and understand, and easier to apply in clinical practice.
Fewer variables reduced the complexity of data collection and
processing, as well as the risk of potential multicollinearity and
overfitting in the models. According to above reasons, model 6
was finally selected to construct the clinical prediction model.
The optimal threshold of the model is 0.46, with a specificity of
0.72 and a sensitivity of 0.85 (Supplementary Table S5).

Figure 5 shows the calibration curve of the Lasso-logistic
prediction model, where the horizontal coordinate indicates the
observed probability and the vertical coordinate indicates the
predicted probability, the long dashed line in the figure indicates
the ideal state, the short dashed line Apparent is the risk
probability based on the calculation of this model once in
agreement with the actual probability, and the solid line
Bias-corrected refers to the data of the constructed model for the
self-lifting weight sampling Post-calibration curves. Bootstrap
resampling refers to repeatedly (the number of times is usually
100 or 1,000) randomly selecting a sample of n observations

Frontiers in Cardiovascular Medicine

from the original data evaluating the calibration of each sample,
and then calculating the average value. Compared with
calculating the risk probability at one time, this average risk
probability based on a random sample better reflects whether the
model is stable or not, and also avoids data with model
overfitting. Mean Absolute Error (MAE) of the calibration
curve is 0.073.

Figure 6 shows the decision curve analysis (DCA) of the Lasso-
logistic prediction model. The final DCA curve showed that if the
threshold probability of patients or clinicians is between 25% and
65%, using this model based on our nomogram to predict
vulnerable plaque adds more benefit than either screen-none or
screen-all strategies.

Figure 7 shows a nomogram of the Lasso-logistic regression
prediction model, visualizing the predicted score of vulnerable
carotid plaques. For example,
patient with an IL-6 level of 20 pg/ml and a TSHI level of
3 corresponding to a total score of 100 has a probability

a carotid artery stenosis

predictive value of approximately 0.85 for vulnerable

carotid plaques.
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4 Discussion

The occurrence of vulnerable plaques in patients with carotid
artery stenosis is influenced by a combination of different factors.

Frontiers in Cardiovascular Medicine

In this study, we explored the correlation between carotid plaque
stability and a series of clinical factors, ultimately found that IL-6
as well as the TSHI had a certain predictive efficacy for carotid
plaque stability. The study aimed to compare the disease
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TABLE 3 Comparison of three models for factors influencing the vulnerable carotid plaque.

Features

All-variable logistic
regression model

P OR (95%Cl) P
Gender (n, %)

Stepwise logistic regression

Lasso-logistic regression
model

OR (95%Cl)

model
OR (95%Cl) P

Female

Male

Age (years) 0.441 1.02 (0.97-1.07)

BMI (kg/m?)

Smoking history (n, %)

No

Yes 0.014

3.83 (1.32-11.13)

Alcohol history (n, %)

No

Yes 0.377 0.62 (0.22-1.79) 0.023

0.218 (0.06-0.81)

Hypertension (n, %)

No

Yes

Type 2 diabetes (n, %)

No

Yes

Stroke (n, %)

No

Yes 0.259 1.59 (0.71-3.54)

Alb (g/L)

Glu (mmol/L)

TG (mmol/L)

TC (mmol/L) 0.090

0.22 (0.04-1.26)

HDL (mmol/L) 0.015

20.15 (1.81-224.86)

LDL (mmol/L)

Apo AT (g/L)

Apo B (g/L) 0.053

1,658.12 (0.91-3,010,764.95)

CRP (mg/L) 0.308 1.06 (0.95-1.17) 0.267

1.06 (0.95-1.18)

Hb (g/L)

PCT (ng/ml)

IL—6 (pg/ml) 0.015 1.05 (1.01-1.10) 0.004

1.07 (1.02-1.11) 0.008 1.05 (1.01-1.10)

D-dimer (mg/L)

TSH (mIU/L) 0.758 1.33 (0.21-8.30)

0.287 2.04 (0.55-7.62)

FT3 (pmol/L)

FT4 (pmol/L)

TSHI 0.167 7.92 (0.42-148.70) <.001

6.83 (2.78-16.80) 0.213 5.60 (0.37-84.26)

TT4RI 0.893 0.99 (0.83-1.18)

0.606 0.96 (0.84-1.11)

TFQI 0.590 0.38 (0.01-12.76)

AIC 166.10

154.02 161.64

BIC 194.85

179.90 176.01

characteristics of stable and vulnerable plaque populations in a
single-center retrospective study, to find the independent risk
factors of vulnerable carotid plaque. Risk factors would be used
to establish a noninvasive diagnostic model for vulnerable plaque
based on Lasso-logistic regression. This model would provide a
new reference tool for the clinical diagnosis of vulnerable plaque.

The results of this study suggest that IL-6 is an independent
risk factor for vulnerable carotid plaque, which is consistent with
previous correlative studies in coronary arteries (31). Similar
studies have also shown that inflammatory markers such as IL-6,
TNF-0, and C-reactive protein can predict vulnerable carotid
(32). Specific mechanisms

plaque may be activation of

Frontiers in Cardiovascular Medicine

inflammation, vascular endothelial dysfunction, oxidative stress,
Th17 cell differentiation, JAK/STAT pathway activation, and
altered lipid metabolism. Specifically, IL-6 is secreted as a
circulating cytokine in a wide range of cells (including
macrophages, monocytes, fibroblasts, and endothelial cells) and
serves as a potent inducer and proinflammatory factor for Th17
cells.IL-6 signaling induces a downstream inflammatory response
leading to an elevation of acute-phase reactants, such as high-
sensitivity C-reactive protein, fibrinogen, etc., and therefore
contributes to an increase in atherosclerosis (33). In addition, IL-
6 activates chronic inflammation through the JAK/STAT pathway
and increases the expression of adhesion molecules in the
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vasculature, leading to endothelial dysfunction, monocyte/
macrophage recruitment and smooth muscle cell migration.
These processes lead to increased lipid deposition, plaque
development, and plaque instability, and IL-6 exacerbates the
atherosclerotic process by up-regulating RUNX2 and RANKL/
RANK gene expression, which promotes the differentiation of
vascular smooth muscle cells to osteoblasts, which in turn causes
the deposition of calcium-phosphorus complexes (34).

Thyroid hormone sensitivity indexes in this study including
TSHI, TT4RI, and TFQI are used to assess the sensitivity of
thyroid hormones to feedback regulation of the hypothalamic-
pituitary-thyroid axis. They are more stable than the single
indexes such as TSH, FT3, and FT4. The results of univariate
logistic regression analysis in this study showed that the
vulnerable plaque group had higher levels of TSHI, TT4RI, and
TFQI, suggesting that reduced central sensitivity to thyroid
hormones is associated with vulnerable plaques. The interaction
between inflammation and thyroid hormone sensitivity plays a
critical role in calcium and phosphorus metabolism, which may
contribute to atherosclerosis development. Inflammatory
cytokines like IL-6 can disrupt thyroid hormone activity, altering
calcium homeostasis by affecting bone resorption and vascular
calcification (35). In our study, four independent variables, IL-6,
TSH, TSHI, and TT4RI, were finally screened based on Lasso
regression, this further supports the aforementioned viewpoint
from another perspective. Although the statistical significance of
the thyroid-related sensitivity indices was not less than 0.05, they
were still retained after screening by Lasso regression, because
statistical significance (e.g., p-value) and clinical relevance were
not always consistent and they were considered to contribute to
the final model. The correlation indexes were also suggested to
be associated with the final outcome in univariate logistic
regression. Based on the conclusions of previous studies, this

study finally chose IL-6 and TSHI as predictors to construct a
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simple clinical prediction model of vulnerable carotid plaque.
Related studies have shown that thyroid dysfunction can have
profound effects on cardiac metabolism and hemodynamics, with
both subclinical hyperthyroidism and hypothyroidism associated
with increased systolic and diastolic blood pressure, and thus
increased cardiovascular risk (36). A more evidence-graded study
using a Mendelian randomization methodology approach to
the thyroid
atherosclerosis found that lower free thyroxine (FT4) levels in the

assess relationship ~ between function and
normal range were significantly associated with increased carotid
intima-media thickness (CIMT). This study suggests that there
may be a U-shaped relationship between FT4 levels and CIMT,
suggesting that thyroid hormone supplementation in hypothyroid
patients may help to reduce CIMT, thereby reducing the risk of
carotid atherosclerosis. This study emphasizes the importance of
monitoring thyroid function for cardiovascular risk assessment
and implies that thyroid hormone supplementation therapy may
play a positive role in mitigating atherosclerosis risk (37). Our
that

particularly central resistance, may exacerbate progress of

study found reduced thyroid hormone sensitivity,
atherosclerosis by linking metabolic dysregulation to plaque
vulnerability. Previous studies have shown that gender factors
and hypertension are also related to carotid plaque stability (38),
while gender and hypertension were not the influencing factors
of plaque stability in this study, and we hypothesized that it
might be related to the small sample size included in this study.
Alcohol consumption was found to be significantly different
between the stable and vulnerable plaque groups in the baseline
comparison (p =0.047). However, this association did not reach
statistical significance in the univariate logistic regression analysis
(p=0.051). After adjusting for other variables in multivariate
analysis, alcohol consumption demonstrated a different effect.
This discrepancy highlights the influence of different statistical

methods, as the chi-square test assesses group differences while
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logistic regression evaluates the independent effect of variables.
Additionally, the relatively small sample size may have limited
the statistical power of the logistic regression, leading to
borderline significance. Moreover, alcohol consumption’s
potential impact on the hypothalamic-pituitary-thyroid axis, as

previously reported, may contribute to the observed association
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between TSHI and plaque vulnerability (39). These findings
emphasize the need for larger cohort studies to further explore
the role of alcohol consumption in carotid plaque stability.
Several recent studies have investigated serum markers to
identifying
biomarkers that show promise for clinical application. For

predict carotid plaque vulnerability, specific
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Nomogram of lasso-logistic regression prediction model.

instance, a study examined the use of MMP-9, LOX-1, and YKL-
40. It found that the combined use of these three markers
achieved a high diagnostic accuracy (ROC AUC=0.85) for
identifying vulnerable plaques (16). Another study demonstrated
that combining miR-124, IL-1B, and TNF-o achieved an AUC of
0.85, with a sensitivity of 0.83 and specificity of 0.79 (40). Our
model using IL-6 and TSHI achieved an AUC of 0.77, accuracy
of 0.79, sensitivity of 0.85, and specificity of 0.72. Although our
AUC is high
demonstrates potential for identifying vulnerable plaques in

model’s slightly lower, but its sensitivity
clinical applications.

In this study, we developed a sample to operate and visualize
column-line graph prediction model based on the Lasso-logistic
regression model. The high predictive efficacy of the column-line
graph model was confirmed by ROC curves. It is expected that the
Lasso-logistic regression-based column-line diagram model developed
in this study has a high clinical potential for predicting vulnerable
carotid plaques. Of course, this study has some limitations. Firstly,
this study is a retrospective study, and the patients all suffered from
carotid artery stenosis and underwent carotid endarterectomy, which
may have some selective bias. Secondly, despite the rigorous control
for common comorbidities such as hypertension, diabetes, and
stroke in our study, the retrospective nature of our study posed
certain limitations. Specifically, other less common comorbid
conditions and medication use (antiplatelet and lipid-lowering
therapies) were not accounted for, which may have introduced
unmeasured confounding factors. Future studies should consider a
broader range of comorbidities and medication exposures to enhance
the robustness of the findings. Once again, this study was a single-
center investigation with a small sample size and a limited number
of female participants, which may have introduced gender bias and
affected the statistical significance of the results. Larger, prospective
studies are needed in the future to achieve gender balance, provide
more comprehensive insights into the studied population, and
validate the findings.

Histologic classification is the gold standard for evaluating
atherosclerotic plaques (41), so this study took advantage of the ability
to obtain a certain amount of carotid plaque specimens and used a
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pathologic method to assess plaque stability. In order to give more
accurate results of carotid plaque stability compared with imaging
methods. However, considering that stable and vulnerable plaques
were only based on pathological sections and immunohistochemical
results, there was a subjective nature of manual scoring, and
quantitative analysis was not used. Subsequent studies would be better
to use quantitative analysis to accurately assess plaque stability
through more specific metrics such as, for example, intraplaque
hemorrhage, inflammation, and lipid necrotic cores.

In conclusion, the present study utilized IL-6 and TSHI to
establish a column-line graph prediction model based on Lasso-
logistic regression as a quantitative tool for the clinical diagnosis
of vulnerable plaques, which has high diagnostic efficacy and
benefit, and is worthy of promotion and application.

Data availability statement

The original contributions presented in the study are included
in the article/Supplementary Material, further inquiries can be
directed to the corresponding author.

Ethics statement

The studies involving humans were approved by Ethics
Committee of Nanjing Drum Tower Hospital. The studies were
the
The participants

conducted in accordance with local legislation and

institutional requirements. provided their

written informed consent to participate in this study.

Author contributions

LZ: Conceptualization, Data curation, Formal Analysis,
Methodology, Software, Visualization, Writing - original draft,
Writing - review & editing. QJ: Data curation, Software,

Validation, Writing - review & editing. ZL: Formal Analysis,

12 frontiersin.org


https://doi.org/10.3389/fcvm.2024.1484273
https://www.frontiersin.org/journals/cardiovascular-medicine
https://www.frontiersin.org/

Zhigao et al.

Methodology, Writing - review & editing. QT: Conceptualization,
Methodology,
Resources, Supervision, Writing — review & editing.

Funding acquisition, Project administration,

Funding

The author(s) declare financial support was received for the
research, authorship, and/or publication of this article. This study
was supported by the National Natural Science Foundation of
China (General Program) (No.81870348); Medical Research
Project of Jiangsu Provincial Health Commission (Key Program)
(N0.ZD2021056); Nanjing Health Technology Development
Project (No.ZKX22012).

Conflict of interest

The authors declare that the research was conducted

in the absence of any commercial or financial

References

1. Wei JP, Li K, Zhao H, He JF, Wen J, Zhou CY, et al. [The relationship between
coronary atherosclerotic stenosis and cerebral atherosclerotic stenosis]. Zhonghua Xin
Xue Guan Bing Za Zhi. (2007) 35(10):889-92.

2. Feigin VL, Owolabi MO. Pragmatic solutions to reduce the global burden of
stroke: a world stroke organization-lancet neurology commission. Lancet Neurol.
(2023) 22(12):1160-206. doi: 10.1016/S1474-4422(23)00277-6

3. Fabiani I, Palombo C, Caramella D, Nilsson J, De Caterina R. Imaging of the
vulnerable carotid plaque. Neurology. (2020) 94(21):922-32. doi: 10.1212/WNL.
0000000000009480

4. Cardoso CRL, Salles GC, Leite NC, Salles GF. Prognostic impact of carotid
intima-media thickness and carotid plaques on the development of micro- and
macrovascular complications in individuals with type 2 diabetes: the Rio de Janeiro
type 2 diabetes cohort study. Cardiovasc Diabetol. (2019) 18(1):2. doi: 10.1186/
512933-019-0809-1

5. Brinjikji W, Huston J 3rd, Rabinstein AA, Kim GM, Lerman A, Lanzino G.
Contemporary carotid imaging: from degree of stenosis to plaque vulnerability.
J Neurosurg. (2016) 124(1):27-42. doi: 10.3171/2015.1.JNS142452

6. Takaya N, Yuan C, Chu B, Saam T, Underhill H, Cai J, et al. Association between
carotid plaque characteristics and subsequent ischemic cerebrovascular events: a
prospective assessment with MRI-initial results. Stroke. (2006) 37(3):818-23.
doi: 10.1161/01.STR.0000204638.91099.91

7. Howard DP, van Lammeren GW, Redgrave JN, Moll FL, de Vries JP, de Kleijn
DP, et al. Histological features of carotid plaque in patients with ocular ischemia
versus cerebral events. Stroke. (2013) 44(3):734-9. doi: 10.1161/STROKEAHA.112.
678672

8. Hellings WE, Peeters W, Moll FL, Piers SR, van Setten J, Van der Spek PJ, et al.
Composition of carotid atherosclerotic plaque is associated with cardiovascular
outcome: a prognostic study. Circulation. (2010) 121(17):1941-50. doi: 10.1161/
CIRCULATIONAHA.109.887497

9. Zamani M, Skagen K, Scott H, Russell D, Skjelland M. Advanced ultrasound
methods in assessment of carotid plaque instability: a prospective multimodal study.
BMC Neurol. (2020) 20(1):39. doi: 10.1186/s12883-020-1620-z

10. Benson JC, Saba L, Bathla G, Brinjikji W, Nardi V, Lanzino G. MR imaging of
carotid artery atherosclerosis: updated evidence on high-risk plaque features and
emerging trends. AJNR Am ] Neuroradiol. (2023) 44(8):880-8. doi: 10.3174/ajnr.A7921

11. Song ZZ, Zhang YM. Contrast-enhanced ultrasound imaging of the vasa vasorum
of carotid artery plaque. World J Radiol. (2015) 7(6):131-3. doi: 10.4329/wijr.v7.i6.131

12. Weng ST, Lai QL, Cai MT, Wang JJ, Zhuang LY, Cheng L, et al. Detecting
vulnerable carotid plaque and its component characteristics: progress in related
imaging techniques. Front Neurol. (2022) 13:982147. doi: 10.3389/fneur.2022.982147

13. Han N, Ma Y, Li Y, Zheng Y, Wu C, Gan T, et al. Imaging and hemodynamic
characteristics of vulnerable carotid plaques and artificial intelligence applications in

Frontiers in Cardiovascular Medicine

13

10.3389/fcvm.2024.1484273

relationships that could be construed as a potential conflict
of interest.

Publisher’s note

All claims expressed in this article are solely those of the
authors and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed
or endorsed by the publisher.

Supplementary material

The Supplementary Material for this article can be found
online at: https://www.frontiersin.org/articles/10.3389/fcvm.2024.
1484273 /full#supplementary-material

plaque classification and segmentation. Brain Sci. (2023) 13(1):143. doi: 10.3390/
brainscil3010143

14. Lai Z, Wang C, Liu X, Sun H, Guo Z, Shao J, et al. Characterization of the
proteome of stable and unstable carotid atherosclerotic plaques using data-
independent acquisition mass spectrometry. J Transl Med. (2024) 22(1):247. doi: 10.
1186/512967-023-04723-1

15. Wang Y, Wang T, Luo Y, Jiao L. Identification markers of carotid vulnerable
plaques: an update. Biomolecules. (2022) 12(9):1192. doi: 10.3390/biom12091192

16. Jiao Y, Qin Y, Zhang Z, Zhang H, Liu H, Li C. Early identification of carotid
vulnerable plaque in asymptomatic patients. BMC Cardiovasc Disord. (2020) 20
(1):429. doi: 10.1186/s12872-020-01709-5

17. Ferndndez-Alvarez V, Linares-Sanchez M, Sudrez C, Lopez F, Guntinas-Lichius
O, Mikitie AA, et al. Novel imaging-based biomarkers for identifying carotid plaque
vulnerability. Biomolecules. (2023) 13(8):1236. doi: 10.3390/biom13081236

18. Sakamaki K, Tsunekawa K, Ishiyama N, Kudo M, Ando K, Akuzawa M, et al.
Association between high normal-range thyrotropin concentration and carotid intima-
media thickness in euthyroid premenopausal, perimenopausal and postmenopausal
women. Maturitas. (2021) 144:29-36. doi: 10.1016/j.maturitas.2020.10.022

19. Marfella R, Ferraraccio F, Rizzo MR, Portoghese M, Barbieri M, Basilio C, et al.
Innate immune activity in plaque of patients with untreated and L-thyroxine-treated
subclinical hypothyroidism. J Clin Endocrinol Metab. (2011) 96(4):1015-20. doi: 10.
1210/jc.2010-1382

20. Poels K, Schnitzler JG, Waissi F, Levels JHM, Stroes ESG, Daemen MJAP, et al.
Inhibition of PFKFB3 hampers the progression of atherosclerosis and promotes plaque
stability. Front Cell Dev Biol. (2020) 8:581641. doi: 10.3389/fcell.2020.581641

21. Jostel A, Ryder WD, Shalet SM. The use of thyroid function tests in the diagnosis
of hypopituitarism: definition and evaluation of the TSH index. Clin Endocrinol (Oxf).
(2009) 71(4):529-34. doi: 10.1111/j.1365-2265.2009.03534.x

22. Cappelli C, Rotondi M, Pirola I, Agosti B, Gandossi E, Valentini U, et al. TSH-
lowering effect of metformin in type 2 diabetic patients. Diabetes Care. (2009) 32
(9):1589-90. doi: 10.2337/dc09-0273

23. Yagi H, Pohlenz J, Hayashi Y, Sakurai A, Refetoff S. Resistance to thyroid
hormone caused by two mutant thyroid hormone receptors beta, R243Q and
R243W, with marked impairment of function that cannot be explained by altered
in vitro 3, 5, 3’-triiodothyroinine binding affinity. J Clin Endocrinol Metab. (1997)
82(5):1608-14. doi: 10.1210/jcem.82.5.3945

24. Laclaustra M, Moreno-Franco B, Lou-Bonafonte JM, Mateo-Gallego R,
Casasnovas JA, Guallar-Castillon P, et al. Impaired sensitivity to thyroid hormones
is associated with diabetes and metabolic syndrome. Diabetes Care. (2019) 42
(2):303-10. doi: 10.2337/dc18-1410

25. Park SY, Park SE, Jung SW, Jin HS, Park IB, Ahn SV, et al. Free
triiodothyronine/free thyroxine ratio rather than thyrotropin is more associated

frontiersin.org


https://www.frontiersin.org/articles/10.3389/fcvm.2024.1484273/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fcvm.2024.1484273/full#supplementary-material
https://doi.org/10.1016/S1474-4422(23)00277-6
https://doi.org/10.1212/WNL.0000000000009480
https://doi.org/10.1212/WNL.0000000000009480
https://doi.org/10.1186/s12933-019-0809-1
https://doi.org/10.1186/s12933-019-0809-1
https://doi.org/10.3171/2015.1.JNS142452
https://doi.org/10.1161/01.STR.0000204638.91099.91
https://doi.org/10.1161/STROKEAHA.112.678672
https://doi.org/10.1161/STROKEAHA.112.678672
https://doi.org/10.1161/CIRCULATIONAHA.109.887497
https://doi.org/10.1161/CIRCULATIONAHA.109.887497
https://doi.org/10.1186/s12883-020-1620-z
https://doi.org/10.3174/ajnr.A7921
https://doi.org/10.4329/wjr.v7.i6.131
https://doi.org/10.3389/fneur.2022.982147
https://doi.org/10.3390/brainsci13010143
https://doi.org/10.3390/brainsci13010143
https://doi.org/10.1186/s12967-023-04723-1
https://doi.org/10.1186/s12967-023-04723-1
https://doi.org/10.3390/biom12091192
https://doi.org/10.1186/s12872-020-01709-5
https://doi.org/10.3390/biom13081236
https://doi.org/10.1016/j.maturitas.2020.10.022
https://doi.org/10.1210/jc.2010-1382
https://doi.org/10.1210/jc.2010-1382
https://doi.org/10.3389/fcell.2020.581641
https://doi.org/10.1111/j.1365-2265.2009.03534.x
https://doi.org/10.2337/dc09-0273
https://doi.org/10.1210/jcem.82.5.3945
https://doi.org/10.2337/dc18-1410
https://doi.org/10.3389/fcvm.2024.1484273
https://www.frontiersin.org/journals/cardiovascular-medicine
https://www.frontiersin.org/

Zhigao et al.

with metabolic parameters in healthy euthyroid adult subjects. Clin Endocrinol (Oxf).
(2017) 87(1):87-96. doi: 10.1111/cen.13345

26. Jiang Y, He Y, Zhang H. Variable selection with prior information for
generalized linear models via the prior LASSO method. J Am Stat Assoc. (2016) 111
(513):355-76. doi: 10.1080/01621459.2015.1008363

27. Wagenmakers EJ, Farrell S. AIC model selection using Akaike weights. Psychon
Bull Rev. (2004) 11(1):192-6. doi: 10.3758/BF03206482

28. Selig K, Shaw P, Ankerst D. Bayesian information criterion approximations to
Bayes factors for univariate and multivariate logistic regression models. Int ] Biostat.
(2021) 17(2):241-66. doi: 10.1515/ijb-2020-0045

29. Schober P, Boer C, Schwarte LA. Correlation coefficients: appropriate use and
interpretation.  Anesth  Analg.  (2018) 126(5):1763-8. doi:  10.1213/ANE.
0000000000002864

30. James G, Witten D, Hastie T, Tibshirani R. An Introduction to Statistical
Learning. New York: Springer (2021).

31. Mossmann M, Wainstein MV, Mariani S, Machado GP, de Aragjo GN,
Andrades M, et al. Increased serum IL-6 is predictive of long-term
cardiovascular events in high-risk patients submitted to coronary angiography: an
observational study. Diabetol Metab Syndr. (2022) 14(1):125. doi: 10.1186/s13098-
022-00891-0

32. Tomas L, Edsfeldt A, Mollet IG, Perisic Matic L, Prehn C, Adamski J, et al.
Altered metabolism distinguishes high-risk from stable carotid atherosclerotic
plaques. Eur Heart J. (2018) 39(24):2301-10. doi: 10.1093/eurheartj/ehy124

33. Meng Q, Liu H, Liu J, Pang Y, Liu Q. Advances in immunotherapy modalities
for atherosclerosis. Front Pharmacol. (2023) 13:1079185. doi: 10.3389/fphar.2022.
1079185

Frontiers in Cardiovascular Medicine

14

10.3389/fcvm.2024.1484273

34. Feng Y, Ye D, Wang Z, Pan H, Lu X, Wang M, et al. The role of interleukin-6
family members in cardiovascular diseases. Front Cardiovasc Med. (2022) 9:818890.
doi: 10.3389/fcvm.2022.818890

35. Alomair BM, Al-Kuraishy HM, Al-Gareeb AI, Alshammari MA, Alexiou A,
Papadakis M, et al. Increased thyroid stimulating hormone (TSH) as a possible risk
factor for atherosclerosis in subclinical hypothyroidism. Thyroid Res. (2024) 17
(1):13. doi: 10.1186/s13044-024-00199-3

36. Giontella A, Lotta LA, Overton JD, Baras A, On Behalf Of Regeneron Genetics
Center, Sartorio A, et al. Association of thyroid function with blood pressure and
cardiovascular disease: a Mendelian randomization. J Pers Med. (2021) 11(12):1306.
doi: 10.3390/jpm11121306

37. Zhang M-Z, Zhao C, Xing X-M, Lv J. Deciphering thyroid function and CIMT: a
Mendelian randomization study of the U-shaped influence mediated by apolipoproteins.
Front Endocrinol (Lausanne). (2024) 15:1345267. doi: 10.3389/fendo.2024.1345267

38. Li ], Gao L, Zhang P, Liu Y, Zhou J, Yi X, et al. Vulnerable plaque is more
prevalent in male individuals at high risk of stroke: a propensity score-matched
study. Front Physiol. (2021) 12:642192. doi: 10.3389/fphys.2021.642192

39. Hermann D, Heinz A, Mann K. Dysregulation of the hypothalamic-pituitary-
thyroid axis in alcoholism. Addiction. (2002) 97(11):1369-81. doi: 10.1046/j.1360-
0443.2002.00200.x

40. Wang L, Xu L. Combined value of serum miR-124, TNF-a. and IL-1B for
vulnerable carotid plaque in acute cerebral infarction. J Coll Physicians Surg Pak.
(2020) 30(4):385-8. doi: 10.29271/jcpsp.2020.04.385

41. Thammongkolchai T, Riaz A, Sundararajan S. Carotid stenosis: role of plaque
morphology in recurrent stroke risk. Stroke. (2017) 48(8):197-9. doi: 10.1161/
STROKEAHA.117.017779

frontiersin.org


https://doi.org/10.1111/cen.13345
https://doi.org/10.1080/01621459.2015.1008363
https://doi.org/10.3758/BF03206482
https://doi.org/10.1515/ijb-2020-0045
https://doi.org/10.1213/ANE.0000000000002864
https://doi.org/10.1213/ANE.0000000000002864
https://doi.org/10.1186/s13098-022-00891-0
https://doi.org/10.1186/s13098-022-00891-0
https://doi.org/10.1093/eurheartj/ehy124
https://doi.org/10.3389/fphar.2022.1079185
https://doi.org/10.3389/fphar.2022.1079185
https://doi.org/10.3389/fcvm.2022.818890
https://doi.org/10.1186/s13044-024-00199-3
https://doi.org/10.3390/jpm11121306
https://doi.org/10.3389/fendo.2024.1345267
https://doi.org/10.3389/fphys.2021.642192
https://doi.org/10.1046/j.1360-0443.2002.00200.x
https://doi.org/10.1046/j.1360-0443.2002.00200.x
https://doi.org/10.29271/jcpsp.2020.04.385
https://doi.org/10.1161/STROKEAHA.117.017779
https://doi.org/10.1161/STROKEAHA.117.017779
https://doi.org/10.3389/fcvm.2024.1484273
https://www.frontiersin.org/journals/cardiovascular-medicine
https://www.frontiersin.org/

	Interleukin-6 and thyroid-stimulating hormone index predict plaque stability in carotid artery stenosis: analyses by lasso-logistic regression
	Introduction
	Materials and methods
	Patients
	Detection methods and observational indexes
	Basic data
	Laboratory indices
	Plaque stability assessment
	Calculation of thyroid hormone sensitivity-related indices
	Lasso-logistic modeling fundamentals
	Model fitting evaluation
	The Akaike information criterion (AIC)
	The Bayesian information criterion (BIC)

	Statistical analyses


	Results
	Baseline data of enrolled patients
	Factors associated with plaque stability: univariate logistic regression analysis
	Variable selection and results in multivariate logistic regression
	Correlation analysis and multiple covariance diagnosis among independent variables
	Results of lasso regression analysis
	Vulnerable plaque risk factor analysis results and model evaluation


	Discussion
	Data availability statement
	Ethics statement
	Author contributions
	Funding
	Conflict of interest
	Publisher's note
	Supplementary material
	References


