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Objective

Early identifying arteriosclerosis in newly diagnosed type 2 diabetes (T2D) patients could contribute to choosing proper subjects for early prevention. Here, we aimed to investigate whether radiomic intermuscular adipose tissue (IMAT) analysis could be used as a novel marker to indicate arteriosclerosis in newly diagnosed T2D patients.





Methods

A total of 549 patients with newly diagnosed T2D were included in this study. The clinical information of the patients was recorded and the carotid plaque burden was used to indicate arteriosclerosis. Three models were constructed to evaluate the risk of arteriosclerosis: a clinical model, a radiomics model (a model based on IMAT analysis proceeded on chest CT images), and a clinical-radiomics combined model (a model that integrated clinical-radiological features). The performance of the three models were compared using the area under the curve (AUC) and DeLong test. Nomograms were constructed to indicate arteriosclerosis presence and severity. Calibration curves and decision curves were plotted to evaluate the clinical benefit of using the optimal model.





Results

The AUC for indicating arteriosclerosis of the clinical-radiomics combined model was higher than that of the clinical model [0.934 (0.909, 0.959) vs. 0.687 (0.634, 0.730), P < 0.001 in the training set, 0.933 (0.898, 0.969) vs. 0.721 (0.642, 0.799), P < 0.001 in the validation set]. Similar indicative efficacies were found between the clinical-radiomics combined model and radiomics model (P = 0.5694). The AUC for indicating the severity of arteriosclerosis of the combined clinical-radiomics model was higher than that of both the clinical model and radiomics model [0.824 (0.765, 0.882) vs. 0.755 (0.683, 0.826) and 0.734 (0.663, 0.805), P < 0.001 in the training set, 0.717 (0.604, 0.830) vs. 0.620 (0.490, 0.750) and 0.698 (0.582, 0.814), P < 0.001 in the validation set, respectively]. The decision curve showed that the clinical-radiomics combined model and radiomics model indicated a better performance than the clinical model in indicating arteriosclerosis. However, in indicating severe arteriosclerosis, the clinical-radiomics combined model had higher efficacy than the other two models.





Conclusion

Radiomics IMAT analysis could be a novel marker for indicating arteriosclerosis in patients with newly diagnosed T2D. The constructed nomograms provide a quantitative and intuitive way to assess the risk of arteriosclerosis, which may help clinicians comprehensively analyse radiomics characteristics and clinical risk factors more confidently.
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Introduction

Diabetes is one of the major conditions that endangers human health worldwide (1). Evidence has confirmed that cardiovascular and cerebrovascular accidents are the major outcomes of individuals with diabetes, whose pathological changes are characterized by arteriosclerosis (2). Even in the state of newly diagnosed diabetes, the risk of arteriosclerosis is present (3). Evaluating the severity of arteriosclerosis can predict the risk of cardio-cerebral vascular events, such as stroke, myocardial infarction, and amputation, in patients with both newly diagnosed and known diabetes (4).

It has been reported that before the onset of T2D, insulin resistance (IR) is generally present and acts as an independent risk factor for the development of arteriosclerosis (5). Several indicators can reflect IR, such as the hyperinsulinaemic euglycaemic clamp (HEC), insulin resistance index (HOMA-IR), triglyceride-glucose index (TyG), triglyceride/high-density lipoprotein cholesterol (TG/HDL-C), visceral fat index (VAI) (6–8). The HEC is the gold standard for IR measurement. However, it is time-consuming and requires frequent blood collection, which limits its clinical application. Other blood examination indicators, such as HOMA-IR, TyG, and TG/HDL-C, may have limited sensitivity and specificity (9).

Intermuscular adipose tissue (IMAT) is a kind of distinct adipose that accumulates within the skeletal muscle and the content of IMAT has been shown to be related to IR in recent studies (10–12). Using imaging modalities, such as CT and MRI, noninvasive quantification of IMAT can be performed for diabetes management (11, 13). However, in vivo quantitative analysis of IMAT relies on image segmentation techniques or thresholding. It is operator-dependent and may lack accuracy and robustness (14, 15). Radiomics is an emerging approach that makes quantitative assessment of medical features extracted from a region of interest possible by mathematical-statistical algorithms (16). It has been used to explore and model the association between features and survival or malignancy prediction (17, 18). However, the relationship between radiomics intermuscular adipose analysis and arteriosclerosis in patients with newly diagnosed type 2 diabetes (T2D) is scarce to date.

Therefore, our study aimed to investigate the association of radiomic features for IMAT analysis with arteriosclerosis in newly diagnosed T2D patients. Moreover, we developed nomogram prediction models based on radiomics IMAT assessment and clinical risk factors to indicate arteriosclerosis and compared whether the integration of these methods enhances the indication performance.





Materials and methods




Study participants in the study

This study was approved by the Ethics Committee of Shaoxing Second Hospital. The data were anonymous, so informed consent was waived. From January 2018 to January 2021, data from 4327 hospitalized patients with abnormal blood glucose levels were retrospectively analysed. After reviewing clinical information, a total of 549 patients with newly diagnosed T2D were included in the study. The inclusion criteria were as follows: 1) fasting plasma glucose (FPG) ≥ 7.0 mmol/l, 2-hour postprandial glucose (2hPG) ≥ 11.1 mmol/l, and/or glycated haemoglobin (HbA1c) ≥ 6.5% (19); 2) abnormal blood glucose duration ≤ six months; and 3) age between 40 and 70 years old. The exclusion criteria were as follows: 1) history of antidiabetic drug use; 2) history of lipid-lowering treatment; 3) history of arteriosclerotic cardiovascular disease or severe renal dysfunction; 4) history of malignancy; and 5) lack of carotid ultrasonography or chest CT examination. Arteriosclerotic cardiovascular disease includes stroke, transient ischemic attack, coronary heart disease, heart failure, and arterial occlusion (3). We randomly divided the patients into a training set and a validation set at a ratio of 7:3. The details of patient selection are presented in Figure 1.




Figure 1 | Inclusion and exclusion criteria of our study.







Data collection

Data on sex, age, height, weight, waist circumference, tobacco use, alcohol use and history of hypertension were collected. Body mass index (BMI) was calculated as weight (kg) divided by the squared value of height (m2). Hypertension was defined as blood pressure (BP) ≥140/90 mmHg on two different occasions or a history of antihypertensive treatment.

Clinical laboratory test data, such as triglycerides (TGs), total cholesterol (TC), triglycerides/high-density lipoprotein cholesterol (TG/HDL-C), FPG, and HbA1c, were also recorded. The TyG index was calculated by the equation log [(fasting TG (mg/dl) × FPG (mg/dl)/2] (20).





Assessment of arteriosclerosis

The extent of arteriosclerosis in the participants was assessed by carotid ultrasonography according to the literature (3). Briefly, for each participant, the unilateral carotid artery was divided into the common carotid region, internal carotid region, external carotid region, and bifurcation carotid region. The presence of plaques in each region was scored as 1 (single plaque), 2 (multiple plaques), or 3 (stenosis). The plaque score (PS) was calculated by summing the scores of both carotid arteries. Based on the PS, the severity of arteriosclerosis was classified into no plaque burden (PS = 0), low plaque burden (PS < 3), and high plaque burden (PS ≥ 3). The ultrasound images were independently reviewed by two experienced sonographers who had no knowledge of the clinical data. Any discrepancies were resolved by consensus.





Radiomics IMAT analysis

Radiomics IMAT analysis was proceeded on chest CT images obtained by using a 64-row or 16-row multidetector CT scanner (SOMATOM Definition AS, Siemens Medical Solutions, and BrightSpeed, GE Healthcare). The following CT parameters were applied: rotation time, 500 milliseconds; voltage, 120 kVp; automatic exposure control, and 2.5 mm reconstructed section thickness.

The acquired CT images were then imported into ITK-SNAP software (www.itksnap.org) to delineate the regions of interest (ROIs) of IMAT in the section above the aortic arch by two independent experienced radiologists who had no knowledge of the arteriosclerosis degree (13). To ensure the consistency of the data, the same delineate criterion was applied, and another expert was responsible for conforming the segmentation. After image segmentation, Z score normalization was applied to standardize the CT images. To assess the reproducibility of image segmentation, two months later, 50 patients were randomly selected, and the IMAT ROIs were delineated again by radiologists to build a resegmentation set. Then, intraobserver and interobserver repeatability were evaluated by using intraclass and interclass correlation coefficients (ICCs).

After the image segmentation, the radiomics features of IMAT were extracted with the pyradiomic platform (https://keyan.deepwise.com) (21). In the preprocessing stage, Z score normalization was used to process the images with a normalization scale of 100, and the B-spline interpolation sampling method was used to resample CT images to the same resolution. Eight kinds of filters (wavelet, Laplacian of Gaussian, square, square root, logarithm, exponential, gradient transform, and local binary pattern transform) were applied to preprocess the CT images. In total, 1,316 radiomics features of IMAT were extracted from the ROIs of each CT image: 252 first-order features, 14 shape features, 336 greyscale co-occurrence matrix (GLCM), 224 grey-level size zone matrix (GLSZM), 224 grey-level run length matrix (GLRLM), 196 grey-level distance-zone matrix (GLDM), and 70 neighbourhood grey-tone difference matrix (NGTDM).

Least absolute shrinkage and selection operator (LASSO) regression was used to select the extracted radiomic features of IMAT that were highly correlated with arteriosclerosis. First, 260 features with unique values were excluded. Pearson correlation analysis was used to estimate the correlation between the remaining features. Features with a correlation coefficient under 0.90 were excluded. After dimensionality reduction of features, the 144 features were included in subsequent modelling.





Model construction and validation

Both clinical data and radiomics features were applied for model construction in indicating arteriosclerosis in patients with newly diagnosed T2D. In terms of clinical elements, univariate and multivariate logistic regression were conducted to explore the relationship between clinical elements and the carotid plaque burden, which represented arteriosclerosis. Then, clinical elements with P < 0.05 in multivariate analysis were included to establish model 1. With regard to the radiomics model, the L1-based method was used for IMAT radiomics feature selection. By summing the included features weighted by their coefficients, a radiomic score (Rad-score) formula (model 2) could be constructed. A combined clinical-radiomics model (model 3) was developed by integrating the clinical elements and the radiomics signature and presented in the form of a nomogram.

A confusion matrix was used to quantify the performances of model 1, model 2, and model 3. Furthermore, receiver operating characteristic (ROC) curves were generated to quantify the clinical usefulness of the three models. Calibration curves were plotted to determine the discrimination ability of the radiomic-clinical nomogram for the training and validation sets. The usefulness of the radiomic-clinical nomogram was assessed by the net benefits in different threshold probabilities by decision curve analysis (DCA). Figure 2 presents the flowchart of the study.




Figure 2 | Flowchart of the development and evaluation of the clinical model, radiomics model, and clinical-radiomics combined model. LR, linear regression; ROI, regions of interest; GLCM, co-occurrence matrix; GLSZM, grey-level size zone matrix; GLRLM, grey-level run length matrix; GLDM, grey-level distance-zone matrix; NGTDM, neighbourhood grey-tone difference matrix.







Statistical analysis

All statistical analyses were performed with SPSS (version 26.0), MedCalc (vision 19.5.6), and R software (version 4.0.2). Normality was evaluated by the Kolmogorov-Smirnov test. Data with a nonnormal distribution were expressed as medians (interquartile ranges) for continuous variables and as percentages for categorical variables. Group differences were evaluated by the Wilcoxon rank sum test for continuous variables and by the chi-square test for categorical variables. Pearson’s chi-squared test was used to identify the difference between the training and validation sets. The performance of the clinical model, radiomics model, and combined clinical-radiomics model was quantified by the area under the curve (AUC) with 95% confidence intervals (95% CIs). The DeLong test was employed to determine whether significant differences existed in the AUC values of the three models. We also calculated the ICCs to evaluate the agreement of extracted radiomics features by two radiologists. Kappa test analyses were used to determine the intra- and interobserver agreement. P values ≤ 0.05 were considered statistically significant.






Results




Clinical characteristics of the patients

The baseline characteristics of the patients with or without plaque burden are compared in Table 1. Patients with plaque burden were older, more likely to be male, had more hypertension, and were more likely to be current smokers (57.00 [52.00-63.00] vs. 52.00 [46.00-58.00)] years, P < 0.001; 70.60% vs. 61.80%, P =0.029; 51.70% vs. 36.80%, P < 0.001; 49.80% vs. 37.10%, P =0.003, respectively). However, there were no differences in the physical examination results (such as BMI and waist circumference) and laboratory findings (such as TGs, TC, FPG, and the TyG index) between the groups.


Table 1 | Baseline characteristics of all subjects (n=549).







Clinical elements: Model 1

In terms of clinical elements, age and smoking history were independent risk factors associated with carotid plaque burden in patients with newly diagnosed diabetes, while age, smoking history, and TyG index were independent risk factors associated with high carotid plaque burden (PS ≥ 3) in patients with newly diagnosed diabetes. The results of the logistic regression analysis are shown in Table 2.


Table 2 | Univariate and multivariate logistic regression analysis of the clinical elements for the patients with plaque burden.



A logistic regression classifier was established according to the selected clinical characteristics. In all subjects included in the study, the AUC of the training set was 0.687 (95% CI: 0.634-0.730), the accuracy rate was 0.656, the sensitivity was 0.617, and the specificity was 0.694. The AUC of the validation set was 0.721 (95% CI: 0.642-0.799), the accuracy rate was 0.685, the sensitivity was 0.691, and the specificity was 0.679. In subjects with a high plaque burden, the AUC of the training set was 0.755 (95% CI: 0.683-0.826), the accuracy rate was 0.697, the sensitivity was 0.629, and the specificity was 0.737. The AUC of the validation set was 0.620 (95% CI: 0.490-0.750), the accuracy rate was 0.654, the sensitivity was 0.633, and the specificity was 0.667.





Radiomics signature: Model 2

ICCs that represented the intraobserver and interobserver consistency of the feature extraction were calculated. A total of 1270 stable features with ICCs greater than 0.75 were retained for subsequent analysis. After applying the LASSO algorithm in the training set, ten features associated with the present of arteriosclerosis and ten features associated with the severity of arteriosclerosis were selected from the extracted features. These twenty features included eight first-order features and twelve texture features, which can be seen in Table 3 and Supplementary Figure S1. Based on the selected features, the linear regression (LR) algorithm was used to construct the radiomics model and to calculate the Rad-score (Supplementary Appendix S1).


Table 3 | Radiomics features extracted from chest CT image that were significantly relevant with the present of arteriosclerosis and the severity of arteriosclerosis.



For all subjects included in the study, the AUC of the training set was 0.932 (0.907-0.957), the accuracy rate was 0.862, the sensitivity was 0.872, and the specificity was 0.852. The AUC of the validation set was 0.927 (0.890-0.964), the accuracy rate was 0.842, the sensitivity was 0.840, and the specificity was 0.845. In subjects with a high plaque burden, the AUC of the training set was 0.734 (0.663-0.805), the accuracy rate was 0.670, the sensitivity was 0.771, and the specificity was 0.610. The AUC of the validation set was 0.698 (0.582-0.814), the accuracy rate was 0.642, the sensitivity was 0.567, and the specificity was 0.686.





Clinical-radiomics combined model: Model 3

Nomograms including clinical factors and Rad-score are shown in Figure 3. The formulas to assess the risk probability for atherosclerosis are available in Supplementary Appendix S2. The performances of the three models are presented by a confusion matrix. The false-positive and false-negative rates in model 3 were lower than model 1 in both the training sets and validation sets (Figure 4, Supplementary Table S1). In all subjects included in the study, the AUC of model 3 was higher than that of model 1 [0.934 (0.909, 0.959) vs. 0.687 (0.634, 0.730), P < 0.001 in the training set, 0.933 (0.898, 0.969) vs. 0.721 (0.642, 0.799), P < 0.001 in the validation set]. Similar indicative efficacy was found between model 3 and model 2 (P = 0.5694). In subjects with high plaque burden, the AUC of model 3 was higher than that of both model 1 and model 2 [0.824 (0.765, 0.882) vs. 0.755 (0.683, 0.826) and 0.734 (0.663, 0.805), P < 0.001 in the training set, 0.717 (0.604, 0.830) vs. 0.620 (0.490, 0.750) and 0.698 (0.582, 0.814), P < 0.001 in the validation set, respectively]. Table 4 lists the AUC, accuracy, sensitivity and specificity of the three models. The comparison of the ROC curves of the three models is presented in Figure 5.




Figure 3 | Model construction and evaluation. Nomograms of the combined model to indicate plaque presence (A) and plaque severity (B). Calibration curves of the nomogram indicating plaque presence for the training set (C) and the validation set (D). Calibration curves of the nomogram indicating plaque severity for the training set (E) and the validation set (F). The x-axes represent the probability of plaque presence or severity evaluated by the combined models, and the y-axes represent the actual rate of plaque presence or severity. The diagonal dotted lines represent perfect predictions by ideal models, while the solid lines represent the discrimination abilities of the nomograms, of which closer fits to the diagonal dotted lines represent better evaluations.






Figure 4 | Confusion matrixes of the three models. Model 1, clinical model; Model 2, radiomics model; Model 3, clinical-radiomics combined model. The x-axes represent the predicted labels, and the y-axes represent the actual labels. Four quadrants clockwise from the upper left hand refer to true negatives, false positives, false negatives, and true positives, respectively. The false-positive and false-negative rates in model 3 were lower than model 1 in both the training sets and validation sets.




Table 4 | The area under curve, accuracy, sensitivity, specificity, negative predictive value, and positive predictive value of the three models.






Figure 5 | The receiver operating characteristic (ROC) curves of the three models. Model 1, clinical model; Model 2, radiomics model; Model 3, clinical-radiomics combined model. In all subjects included in the study, model 3 demonstrated better indicative efficacy than model 1 and similar to model 2, with an AUC of 0.934 in the training set (A) and an AUC of 0.933 in the validation set (B). In subjects with high plaque burden, model 3 demonstrated the best indicative efficacy than the other two models, with an AUC of 0.824 in the training set (C) and an AUC of 0.717 in the validation set (D).







The performance of the nomogram

The calibration curve along with the H-L test demonstrated good consistency between the observed carotid plaque burden and indicated arteriosclerosis in both the training and validation sets (Figures 3C–F). DCA showed that model 3 and model 2 had better performance than model 1 for all subjects included in the study in both training set and validation set, as shown in Figure 6. However, for subjects with a high plaque burden, model 3 had higher efficacy than the other two models in the training set and showed no significant differences in the validation set.




Figure 6 | Decision curves analysis for the three models. Model 1, clinical model; Model 2, radiomics model; Model 3, clinical-radiomics combined model. The x-axes represent the threshold probability, and the y- axes represent the net benefit. For all subjects included in the study, model 3 and model 2 had better performance than model 1 in both the training set (A) and the validation set (B). However, for subjects with high plaque burden, model 3 had higher efficacy than the other two models in the training set (C) and no significant differences in the validation set (D).








Discussion

In this study, we used radiomics intermuscular adipose analysis as a novel marker to assess arteriosclerosis in patients with newly diagnosed T2D. A radiomics model relating to arteriosclerosis was established by extracting features from medical images and choosing the effective characteristics. A clinical-radiomics combined model was developed by combining the Rad-score with clinical risk factors. Nomograms were then constructed to indicate plaque presence and severity in our study population. The results showed that the combined model improved the accuracy of arteriosclerosis indication both in diagnostic performance and clinical net benefit compared with the model using only clinical risk factors or radiomics features.

Since the risk of arteriosclerosis is present in the state of newly diagnosed T2D, it is critical to choose the subjects at stake for early prevention (22). Multiple studies have revealed that IR is a predictor of arteriosclerosis and could be used to assess the risk of arteriosclerosis in patients with diabetes (23). However, research on the early stage of arteriosclerosis in newly diagnosed T2D is limited (3). TG/HDL-C, TyG, and visceral adiposity index are commonly used as markers for IR identification (24). In our study, no significant differences could be found in either TG/HDL-C or TyG between the patients with or without plaque burden. This may be due to the fact that abnormalities in laboratory tests are less pronounced in the population of newly diagnosed T2D. The diagnostic efficacy of the clinical model constructed by traditional risk factors in indicating arteriosclerosis in patients with newly diagnosed T2D may be limited. To support this viewpoint, another clinical model was constructed in patients with a high carotid plaque burden, and it was found that the TyG index was associated with a higher level of arteriosclerosis. This result indicated that the efficiency of serological markers is more significant in indicating arteriosclerosis extension rather than early arteriosclerosis, which was in agreement with published reports (25, 26). Besides, in our clinical model, only age and smoking history were independent risk factors associated with arteriosclerosis in patients with newly diagnosed diabetes. It may be attributed to clinical stage of our population. Most of the patients included in our analysis were found to have dysglycaemia accidentally during asymptomatic physical examination. In general, the diagnostic efficacy of the clinical model was better in indicating a high level of arteriosclerosis than in indicating the existence of arteriosclerosis in patients with newly diagnosed T2D (0.755 [0.683, 0.826)] vs. 0.687 [0.634, 0.730], P < 0.001). Serological measures may be less sensitive, and better indicators are needed.

Our use of radiomics to quantify IMAT is a strength of the current research. IMAT is a type of adipose tissue depot located beneath the fascia and within the muscles (10). It is understudied due to the limited accessibility in the past. With the increasing development of imaging techniques, noninvasive quantification of IMAT has been used in research and healthcare settings (13, 27–29). Tuttle et al. used magnetic resonance imaging to measure IMAT volume in patients with T2D. They found that IMAT volume was correlated with glycated haemoglobin levels and were associated with IR (30). Pishgar et al. used CT to quantify the IMAT area in patients with chronic obstructive pulmonary disease and found that the IMAT area was negatively correlated with lung function (13). Nevertheless, quantifying IMAT by traditional imaging methods is somewhat difficult (11). In our study, we used radiomics to extract texture features that were unrecognized by the naked eye for further quantitative analyses. By applying LASSO and linear regression algorithm, eight first-order features that represented the intensity and distribution of pixels in the ROIs, and twelve texture features that represents the heterogeneity between ROIs, were selected. Although Chen et al. (31) previously reported that morphological features were associated with the degree of the diseases, no morphological features were proven to be associated with arteriosclerosis in our study. The reason may be attributed to the fact that it is the relative value of IMAT rather than the absolute value that is meaningful, which was accordant with previous researches about IMAT analysis (13, 29). Besides, texture features such as GLSZM and GLDM, and wavelet features obtained by wavelet decomposition of the original image, could represent tiny differences in the imaging characteristics in CT images (32, 33). Thus, radiomics IMAT analysis may reflect the internal heterogeneity of the ROIs more accurately.

Three models were constructed to evaluate the risk of arteriosclerosis in our study. By combining radiomics features and clinical risk factors together, we found that the diagnostic performance and clinical net benefit of the combined model in arteriosclerosis indication in newly diagnosed T2D were improved in both the training set and validation set. The combined model leads to an improvement in not only sensitivity (from 0.617 to 0.827 in the training set and from 0.691 to 0.815 in the validation set) but also specificity (from 0.656 to 0.934 in the training set and from 0.685 to 0.830 in the validation set). This result can be explained by the fact that combined model integrated the clinical information and both macro and micro structure characteristics, which could help in further improving the diagnostic efficiency (34). The combined model seems to present excellent value for indicating the presence of plaque burden. However, it is worth noting that in indicating low or high plaque burden, the performance of the combined model increased only slightly, with an AUC improvement from 0.755 to 0.824 in the training set and from 0.620 to 0.717 in the validation set. The reason may be attributable to the fact that in the population with a high level of arteriosclerosis, the indicative value of clinical indicators improved while the role of imaging became less sensitive.

Finally, the nomogram forecast models were applied in clinical practice. The nomogram forecast models are charts with scales that contain varieties of disease risk elements. They can predict the probability of clinical outcomes by using a risk score, which is simpler and easier to understand (35). As seen in our results, the Rad-score was more important in indicating the presence of arteriosclerosis. In indicating a high level of arteriosclerosis, the TyG index held a more prominent position. The nomograms of the combined model offered a more user-friendly way for physicians to identify the risk of arteriosclerosis and could be a convenient method of arteriosclerosis indication in clinical work.





Limitations

There are several limitations in the current study. First, the study was conducted retrospectively at a single centre. However, the performance of the models was validated through randomization. To provide better evidence for clinical application, multicentre validation with a larger sample size may be necessary. Second, carotid plaque burden evaluated by ultrasound examination was applied as the marker of arteriosclerosis, which may not be as accurate as the pathologic biopsy in representing arteriosclerosis. However, it has been reported that the prevalence of carotid artery plaques could well reflect the overall severity of arteriosclerosis in the vasculature (36). Third, radiomics features were only extracted from a single section but not the whole body. Quantitative analysis of IMAT within the whole body is indeed more precise but more time-consuming and has a higher requirement for equipment. Fourth, the efficacy of IMAT analysis in indicating arteriosclerosis in subjects without T2DM was not conducted in the current study. Our results imply that the radiomics IMAT analysis derived from the section above the aortic arch could be a novel marker to assess the degree of arteriosclerosis, which may provide a more convenient way to evaluate early arteriosclerosis in patients with newly diagnosed T2D. Finally, in the process of radiomics feature recognition, two radiologists took several times to manually delineated the borders of the pectoralis major muscle. Future studies could improve efficiency and accuracy by using efficient automatic segmentation.





Conclusions

Radiomics intermuscular adipose analysis could indicate the present and severity of arteriosclerosis, providing a novel marker for the assessment of arteriosclerosis in patients with newly diagnosed T2D. Though radiomic analysis, features about intensity and distribution of pixels as well as features about texture were selected for the quantification. The clinical-radiomics combined model showed great performance and high sensitivity in indicating arteriosclerosis. Moreover, the constructed nomograms could provide a quantitative and intuitive way to indicate arteriosclerosis, which may help clinicians comprehensively analyse radiomics characteristics and clinical risk factors more confidently.





Data availability statement

The raw data supporting the conclusions of this article will be made available by the authors, without undue reservation.





Ethics statement

The studies involving human participants were reviewed and approved by Ethics Committee of Shaoxing Second Hospital. The ethics committee waived the requirement of written informed consent for participation.





Author contributions

CH were responsible for conceptualization, investigation and writing the original draft. DX, L-FF and J-NY contributed to image interpretation and data collection. F-YW and Y-GQ contributed to the collection of clinical cases. H-WX contributed to critically revising the manuscript. All authors contributed to the article and approved the submitted version.





Funding

This work was supported by Zhejiang Medical Health Science and Technology Program (2022KY1317).




Acknowledgments

The authors thank all the staff and participants of this study for their important contributions.





Conflict 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.





Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fendo.2023.1201110/full#supplementary-material




References

1. Ewerton Cousin, BBD, Stein, C, Ong, KL, Vos, T, Abbafati, C, Abbasi-Kangevari, M, et al. Diabetes mortality and trends before 25 years of age: an analysis of the global burden of disease study 2019. Lancet Diabetes Endocrinol (2022) 10:177–92. doi: 10.1016/s2213-8587(21)00349-1

2. Usui, I. Common metabolic features of hypertension and type 2 diabetes. Hypertens Res (2023) 46:1227–33. doi: 10.1038/s41440-023-01233-x

3. Jiang, ZZ, Zhu, JB, Shen, HL, Zhao, SS, Tang, YY, Tang, SQ, et al. A high triglyceride-glucose index value is associated with an increased risk of carotid plaque burden in subjects with prediabetes and new-onset type 2 diabetes: a real-world study. Front Cardiovasc Med (2022) 9:832491. doi: 10.3389/fcvm.2022.832491

4. Yadav, R, Jain, N, Raizada, N, Jhamb, R, Rohatgi, J, and Madhu, SV. Prevalence of diabetes related vascular complications in subjects with normal glucose tolerance, prediabetes, newly detected diabetes and known diabetes. Diabetes Metab Syndr (2021) 15:102226. doi: 10.1016/j.dsx.2021.102226

5. Liu, X, Liu, L, Wang, R, Jia, X, Liu, B, Ma, N, et al. Early arteriosclerosis and its risk factors in subjects with prediabetes and new-onset diabetes. Endocr Connect (2021) 10:599–606. doi: 10.1530/ec-21-0202

6. Gastaldelli, A. Measuring and estimating insulin resistance in clinical and research settings. Obes (Silver Spring Md) (2022) 30:1549–63. doi: 10.1002/oby.23503

7. Irace, C, Carallo, C, Scavelli, FB, De Franceschi, MS, Esposito, T, Tripolino, C, et al. Markers of insulin resistance and carotid atherosclerosis. a comparison of the homeostasis model assessment and triglyceride glucose index. Int J Clin Pract (2013) 67:665–72. doi: 10.1111/ijcp.12124

8. Jiang, K, Luan, H, Pu, X, Wang, M, Yin, J, and Gong, R. Association between visceral adiposity index and insulin resistance: a cross-sectional study based on US adults. Front Endocrinol (2022) 13:921067. doi: 10.3389/fendo.2022.921067

9. Yeh, WC, Tsao, YC, Li, WC, Tzeng, IS, Chen, LS, and Chen, JY. Elevated triglyceride-to-HDL cholesterol ratio is an indicator for insulin resistance in middle-aged and elderly Taiwanese population: a cross-sectional study. Lipids Health Dis (2019) 18:176. doi: 10.1186/s12944-019-1123-3

10. Goodpaster, BH, Bergman, BC, Brennan, AM, and Sparks, LM. Intermuscular adipose tissue in metabolic disease. Nat Rev Endocrinol (2022) 19:285–98. doi: 10.1038/s41574-022-00784-2

11. Yu, F, Fan, Y, Sun, H, Li, T, Dong, Y, and Pan, S. Intermuscular adipose tissue in type 2 diabetes mellitus: non-invasive quantitative imaging and clinical implications. Diabetes Res Clin Pract (2022) 187:109881. doi: 10.1016/j.diabres.2022.109881

12. Goodpaster, BH, Bergman, BC, Brennan, AM, and Sparks, LM. Intermuscular adipose tissue in metabolic disease. Nat Rev Endocrinol (2023) 19:285–98. doi: 10.1038/s41574-022-00784-2

13. Pishgar, F, Shabani, M, Quinaglia, ACST, Bluemke, DA, Budoff, M, Barr, RG, et al. Quantitative analysis of adipose depots by using chest CT and associations with all-cause mortality in chronic obstructive pulmonary disease: longitudinal analysis from MESArthritis ancillary study. Radiology (2021) 299:703–11. doi: 10.1148/radiol.2021203959

14. Li, X, Zhang, N, Hu, C, Lin, Y, Li, J, Li, Z, et al. CT-based radiomics signature of visceral adipose tissue for prediction of disease progression in patients with crohn's disease: a multicentre cohort study. EClinicalMedicine (2023) 56:101805. doi: 10.1016/j.eclinm.2022.101805

15. Ogawa, M, Lester, R, Akima, H, and Gorgey, AS. Quantification of intermuscular and intramuscular adipose tissue using magnetic resonance imaging after neurodegenerative disorders. Neural Regener Res (2017) 12:2100–5. doi: 10.4103/1673-5374.221170

16. Lambin, P, Leijenaar, RTH, Deist, TM, Peerlings, J, de Jong, EEC, van Timmeren, J, et al. Radiomics: the bridge between medical imaging and personalized medicine. Nat Rev Clin Oncol (2017) 14:749–62. doi: 10.1038/nrclinonc.2017.141

17. Lohmann, P, Franceschi, E, Vollmuth, P, Dhermain, F, Weller, M, Preusser, M, et al. Radiomics in neuro-oncological clinical trials. Lancet Digit Health (2022) 4:e841–9. doi: 10.1016/s2589-7500(22)00144-3

18. Elicker, BM, and Sohn, JH. Radiomics and computerized analysis of CT images: looking forward. Radiol Cardiothorac Imaging (2020) 2:e200589. doi: 10.1148/ryct.2020200589

19. ElSayed, NA, Aleppo, G, Aroda, VR, Bannuru, RR, Brown, FM, Bruemmer, D, et al. 2. classification and diagnosis of diabetes: standards of medical care in diabetes-2020. Diabetes Care (2020) 43:S14–s31. doi: 10.2337/dc20-S002

20. Zhang, Y, Wu, Z, Li, X, Wei, J, Zhang, Q, and Wang, J. Association between the triglyceride-glucose index and carotid plaque incidence: a longitudinal study. Cardiovasc Diabetol (2022) 21:244. doi: 10.1186/s12933-022-01683-6

21. Liang, L, Zhi, X, Sun, Y, Li, H, Wang, J, Xu, J, et al. A nomogram based on a multiparametric ultrasound radiomics model for discrimination between malignant and benign prostate lesions. Front Oncol (2021) 11:610785. doi: 10.3389/fonc.2021.610785

22. Catalan, M, Herreras, Z, Pinyol, M, Sala-Vila, A, Amor, AJ, de Groot, E, et al. Prevalence by sex of preclinical carotid atherosclerosis in newly diagnosed type 2 diabetes. Nutr Metab Cardiovasc Dis (2015) 25:742–8. doi: 10.1016/j.numecd.2015.04.009

23. Poon, AK, Meyer, ML, Tanaka, H, Selvin, E, Pankow, J, Zeng, D, et al. Association of insulin resistance, from mid-life to late-life, with aortic stiffness in late-life: the atherosclerosis risk in communities study. Cardiovasc Diabetol (2020) 19:11. doi: 10.1186/s12933-020-0986-y

24. Du, T, Yuan, G, Zhang, M, Zhou, X, Sun, X, and Yu, X. Clinical usefulness of lipid ratios, visceral adiposity indicators, and the triglycerides and glucose index as risk markers of insulin resistance. Cardiovasc Diabetol (2014) 13:146. doi: 10.1186/s12933-014-0146-3

25. Lee, EY, Yang, HK, Lee, J, Kang, B, Yang, Y, Lee, SH, et al. Triglyceride glucose index, a marker of insulin resistance, is associated with coronary artery stenosis in asymptomatic subjects with type 2 diabetes. Lipids Health Dis (2016) 15:155. doi: 10.1186/s12944-016-0324-2

26. Scicali, R, Giral, P, D'Erasmo, L, Cluzel, P, Redheuil, A, Di Pino, A, et al. High TG to HDL ratio plays a significant role on atherosclerosis extension in prediabetes and newly diagnosed type 2 diabetes subjects. Diabetes Metab Res Rev (2021) 37:e3367. doi: 10.1002/dmrr.3367

27. Tasci, I, and Naharci, MI. Comment on "Malnutrition in relation to muscle mass, muscle quality, and muscle strength in hospitalized older adults". J Am Med Dir Assoc (2022) 23:905. doi: 10.1016/j.jamda.2022.02.021

28. Ogon, I, Iba, K, Takashima, H, Yoshimoto, M, Morita, T, Oshigiri, T, et al. Magnetic resonance spectroscopic analysis of multifidus muscle lipid contents and association with nociceptive pain in chronic low back pain. Asian Spine J (2021) 15:441–6. doi: 10.31616/asj.2020.0247

29. Mühlberg, A, Museyko, O, Bousson, V, Pottecher, P, Laredo, JD, and Engelke, K. Three-dimensional distribution of muscle and adipose tissue of the thigh at CT: association with acute hip fracture. Radiology (2019) 290:426–34. doi: 10.1148/radiol.2018181112

30. Tuttle, LJ, Sinacore, DR, Cade, WT, and Mueller, MJ. Lower physical activity is associated with higher intermuscular adipose tissue in people with type 2 diabetes and peripheral neuropathy. Phys Ther (2011) 91:923–30. doi: 10.2522/ptj.20100329

31. Chen, C, Guo, X, Wang, J, Guo, W, Ma, X, and Xu, J. The diagnostic value of radiomics-based machine learning in predicting the grade of meningiomas using conventional magnetic resonance imaging: a preliminary study. Front Oncol (2019) 9:1338. doi: 10.3389/fonc.2019.01338

32. Gao, Y, Luo, Y, Zhao, C, Xiao, M, Ma, L, Li, W, et al. Nomogram based on radiomics analysis of primary breast cancer ultrasound images: prediction of axillary lymph node tumor burden in patients. Eur Radiol (2021) 31:928–37. doi: 10.1007/s00330-020-07181-1

33. Tomaszewski, MR, and Gillies, RJ. The biological meaning of radiomic features. Radiology (2021) 298:505–16. doi: 10.1148/radiol.2021202553

34. Zhang, L, Li, X, Yang, L, Tang, Y, Guo, J, Li, D, et al. Multi-sequence and multi-regional MRI-based radiomics nomogram for the preoperative assessment of muscle invasion in bladder cancer. J Magn Reson Imaging (2022). doi: 10.1002/jmri.28498

35. Serenari, M, Han, KH, Ravaioli, F, Kim, SU, Cucchetti, A, Han, DH, et al. A nomogram based on liver stiffness predicts postoperative complications in patients with hepatocellular carcinoma. J Hepatol (2020) 73:855–62. doi: 10.1016/j.jhep.2020.04.032

36. Stein, JH, Korcarz, CE, Hurst, RT, Lonn, E, Kendall, CB, Mohler, ER, et al. Use of carotid ultrasound to identify subclinical vascular disease and evaluate cardiovascular disease risk: a consensus statement from the American society of echocardiography carotid intima-media thickness task force. endorsed by the society for vascular medicine. J Am Soc Echocardiogr (2008) 21:93–111. doi: 10.1016/j.echo.2007.11.011




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.


Copyright © 2023 He, Xie, Fu, Yu, Wu, Qiu and Xu. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OEBPS/Images/fendo-14-1201110-g002.jpg
Univariate logistic Multivariate logistic Clinical Model

Clinicals Factors analysis results analysis results

Original
First Order Havsle:
Sh LoG
GLZI;[ LBP2D =
LBP3D B : Radiomics Model

GLSZM — R
~-Score
GLRLM Square o ( )

GLDM
NGTDM

SquareRoot
Logarithm
Exponential
Gradient

ROI segmentation Feature extraction Feature selection

— AUC 0.687 Mode! 1
 AUC 0932 Model 2
T AUC 0034 Model 3

2 ry CY
100-Specticity

Woda 1 e ' Combined Model

Net Benefit

T
04 06

High Risk Threshold

Model Comparative Evaluation Model Construction






OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        A nomogram based on radiomics intermuscular adipose analysis to indicate arteriosclerosis in patients with newly diagnosed type 2 diabetes

      

        		

          Objective

        



        		

          Methods

        



        		

          Results

        



        		

          Conclusion

        



        		

          Introduction

        



        		

          Materials and methods

        

          		

            Study participants in the study

          



          		

            Data collection

          



          		

            Assessment of arteriosclerosis

          



          		

            Radiomics IMAT analysis

          



          		

            Model construction and validation

          



          		

            Statistical analysis

          



        



        



        		

          Results

        

          		

            Clinical characteristics of the patients

          



          		

            Clinical elements: Model 1

          



          		

            Radiomics signature: Model 2

          



          		

            Clinical-radiomics combined model: Model 3

          



          		

            The performance of the nomogram

          



        



        



        		

          Discussion

        



        		

          Limitations

        



        		

          Conclusions

        



        		

          Data availability statement

        



        		

          Ethics statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Acknowledgments

        



        		

          Conflict of interest

        



        		

          Supplementary material

        



        		

          References

        



      



      



    



  



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fendo-14-1201110-g003.jpg
o Wi
P
z S
0 10 2 3 4 50 6 70 80 90 100 3
Points | 2
[
E
g 3
3
8
R.Score 2
0 o1 02 038 04 05 06 07 08 09 1 S u
- -~ Apparent
— Bias—corrected
A 2 -~ Hosmer-Lemeshow P = 0.73 —— Ideal
ge —r T T T T T T
40 20:60 10 00 02 04 08 o8 10
Prediced Probabilty
SBP.mmHg 8=500 epations, boot Moan absciute eror=0.000 n=364
x ARasnaansanyl
9 130 170 210
> J -
1
Smoking. History — -
o H
g o
g 3
Total Points [
0 10 20 30 40 50 60 70 8 90 100 110 120 130 140 .
s 3
8
[
RISK S
001 04 03 05 08 09 - - - Apparent
— Bias—corrected
2 - ~"Hosmer-Lemeshow P = 0.545  —— lIdeal
T T T T T T
00 02 04 06 08 10
Prediced Probability
8= 500 repeions, boot Mean absoluto ror=0.019 n=165
B T
o
z °
0O 10 2 3 4 5 6 70 8 9 100 2.
Points. 3 &
I
HER
8
R.Score 8
0 01 02 03 04 05 06 07 08 09 g
- -~ Apparent
—— Bias—corrected
2 - ~#Hosmer-Lemeshow P = 0551 —— Ideal
Age T T T T T T
40 45 50 55 60 65 70 0.0 02 0.4 06 08 1.0
Prediced Probability
. 8= 500 epations, boot Moan absalute oror=0.022 =188
TyG.index ropetions,
8 85 9 95 10 105 11 115 12 125
1 -
Smoking.History — o |
0 z S -
H -
8 o
g 3
Total Points. 3
0 20 4 6 80 100 120 140 160 180 200 220 SE?._
b
2
[
RISK —_—— S
001 01 08 05 08 09 L == - Apparent
L —— Biascorrected
2 -~ Hosmer-Lemeshow P = 0.572 —— Ideal
T T T T T T
00 02 04 06 o8 10

Bt rendtiiang. haod

Prediced Probability
hian Al arvanadl ik ncdid






OEBPS/Images/fendo-14-1201110-g005.jpg
— AUC 0.687 Model 1
— AUC 0.932 Model 2
—— AUC 0.934 Model 3

0 20 40 60 80 100 0 20

100-Specificity

Sensitivity

— AUC 0.755 Model 1
—— AUC 0.734 Model 2
~—— AUC 0.824 Model 3

[ 20 40 60 80 100 0 20
100-Specificity

— AUC 0.721 Model 1
— AUC 0.927 Model 2
~—— AUC 0.933 Model 3

40 60 80 100
100-Specificity

—— AUC 0.620 Model 1
—— AUC 0.698 Model 2
—— AUC 0.717 Model 3

40 60 80 100
100-Specificity





OEBPS/Images/table2.jpg
Patients with plaque burden Patients with high plaque burden

Ve Univariate analysis Multivariate analysis Univariate analysis Multivariate analysis

OR(@5%C) " orR@swc) [ ROS%C) o or@swa)
value value value value

Age 1.0711.042-1.101) | 0.000 1‘0?0(;6'?35' 0.000 i:?:;(l 037- 0.000 i:;;)(l'%o' 0.000

Gender (female vs. male) 1'2639(;’;)“7' 0.296 ;:322)(0'946' 0.071

Smoking history (yes vs. no) 1'75; 6(;5‘;71' 0.006 ‘ 1'97:02585' 0.002 z:g:g)(l'l 18 0.020 iz;(l'm’ 0.013

Drinking history (yes vs. no) 1'3?0(2()9‘;;82' 0.171 (1]:2?3;)(0'493- 0.724

zzf)pertension history (yes vs. 0 1.722(?5(;;46- 1 0.009 118 (0.737-1.888) 0.491 V ;:zi;)(ossg. o051 =

SBP (mmHg) 1.0119‘0(315))08- 0.001 1,0117.0(316?04- 6010 i:gg;(o.g% 01353

DBP (mmHg) 1'0030(107'?8} 0.978 i:gtz);)(o.m— 0.869

BMI (kg/m’) 2'6013,0(10;14' 0.120 ?ig)(o'”l' 0.452

‘Waist circumference (cm) 0.9819.0(‘;)94?69- 0.261 ‘ i:ggz)(O.WS- 0.846

Total cholesterol (mmol/L) 0'9712-1(20;);40- 0.704 i:;l;)(o.%l- 0.315

Triglyceride (mmol/L) 0'931§0(:;)£36' 0.279 i:é:z)(l'ooz' 0.048 (i:i;(u.m— 0.355

HDL cholesterol (mmol/L) 0'8632(507‘;'88' 0435 ?::g:)(o'l“' 0.143

LDL cholesterol (mmol/L) O'QSﬁ 0%?21' 0.600 1:22;)(0'865- 0.274

E;sting blood glucose (mmol/ 0.98:;;);32- 0.686 i:(llzz)(O.QSl- 0395

Fasting C-peptide (pmol/L) 1‘0010_0(0‘1‘()’00' 0.409 ‘ iigg?)(o'm' 0.673

Fasting insulin (pmol/L) "'9919_0(:3‘?95' 0.527 ?ﬁx)w%z' 0.312

HbAlc (%) 0'961740(:;85' 0.465 1:?;3)(0'940' 0344

TyG index 0'8551(;‘?27' 0.305 5:22;(1.273- 0.004 fgzgg(;.m- 0.008

Hs-CRP (mg/L) 0'9417_1(60;68‘ 0.615 ?:Z?Z)(O'm' 0.688

TYG, triglyceride-glucose; BMI, body mass index; SBP, systolic blood pressure; DBP, diastolic blood pressure; HDL, high density lipoprotein; LDL, low density lipoprotein; hs-CRP, high
sensitivity C-reactive protein; HbAlc, haemoglobin; OR, odd ratio; CI, confidence interval.
Bold values provided in Table 2 indicate P < 0.05.





OEBPS/Images/table4.jpg
Model PPV

(95% Cl) Sen

ity Specificity ACC

Patients with or without plaque burden

Training set (n=384)

Model 1 0.687(0.634-0.730) 0.617 0.694 0.656 0.654 0.659
Model 2 0.932(0.907-0.957) 0.872 0.852 0.862 0.874 0.850
Model 3 0.934(0.909-0.959) 0.872 0.883 0.934 0.878 0.877

Validation set (n=165)

Model 1 0.721(0.642-0.799) 0.691 0.679 0.685 0.695 0.675
Model 2 0.927(0.890-0.964) 0.840 0.845 0.842 0.845 0.840
Model 3 0.933(0.898-0.969) 0.815 0.845 0.830 0.826 0.835

Patients with low or high plaque burden

Training set (n=188)

Model 1 0.755(0.683-0.826) 0.629 0.737 0.697 0.770 0.587
Model 2 0.734(0.663-0.805) 0.771 0.610 0.670 0.540 0.818
Model 3 0.824(0.765-0.882) 0.686 0.771 0739 0.805 0.640

Validation set (n=81)

Model 1 0.620(0.490-0.750) 0.633 0.667 0.654 0.756 0.528
Model 2 0.698(0.582-0.814) 0.567 0.686 0.642 0.729 0.515
Model 3 0.717(0.604-0.830) 0.633 0.686 0.667 0.761 0543

AUC, area under curve; Cl, confidence interval; ACC, accuracy; NPV, negative predictive value; PPV, positive predictive value. Model 1, clinical model; Model 2, radiomics model; Model 3,
clinical-radiomics combined model.





OEBPS/Images/fendo-14-1201110-g006.jpg
Net Benefit

Net Benefit

04 05

03

0.2

0.1

0.0

04

0.3

0.2

0.1

0.0

Model 1

r T T T T 1
0.0 0.2 04 06 08 1.0

High Risk Threshold

—— Model 1
——— Model 2
~—  Model 3
Al
—— None

r T T T T 1
0.0 02 04 06 08 1.0

High Risk Threshold

Net Benefit

Net Benefit

01 02 03 04 05

0.0

0.1 0.2 03 0.4

0.0

Model 1

0.0

0.2

T T
0.4 0.6

High Risk Threshold

0.8

1.0

[ 111

Model 1

0.0

0.2

T T
04 0.6

High Risk Threshold

08

1.0






OEBPS/Images/table3.jpg
10

Radiomics features based on chest CT

Coefficients

Significantly relevant with the present of arteriosclerosis

wavelet-HL_glszm_LowGrayLevelZoneEmphasis
wavelet-LH_gldm_LargeDependenceHighGrayLevelEmphasis
wavelet-HH_firstorder_Skewness
square_firstorder_RobustMeanAbsoluteDeviation
wavelet-HH_glrlm_LongRunLowGrayLevel Emphasis
wavelet-HL_glszm_SmallAreaLowGrayLevelEmphasis
wavelet-HL_gldm_SmallDependenceHighGrayLevel Emphasis
wavelet-LL_firstorder_Skewness
Ibp-3D-k_glrlm_RunLengthNonUniformity

exponential_glrim_GrayLevelNonUniformity

0.8349

0.6438

0.5016

03553

03379

0.2434

-0.4936

-0.5673

-0.6227

-0.7649

Significantly relevant with the severity of arteriosclerosis

wavelet-HL_glrlm_HighGrayLevelRunEmphasis
wavelet-HL_firstorder_Skewness
wavelet-HH_glszm_GrayLevelNonUniformity
wavelet-HH_glszm_LowGrayLevel ZoneEmphasis
wavelet-HH_glszm_Small AreaLowGrayLevel Emphasis
gradient_firstorder_Kurtosis

square_firstorder_Range
wavelet-HL_glem_JointEnergy
Ibp-3D-k_firstorder_Variance

wavelet-HH_firstorder_Median

0.3176

0.3161

0.262

0.2403

0.2116

-0.1933

-0.2177

-0.2254

-0.4229

-0.6202

REETIVR

0.7712
0.6008
0.4255
0.4048
0.2915
-0.5913
-0.6795
-0.7458

-0.9161

0.5121
0.5096
0.4225
0.3874
0.3412
-0.3116
-0.351
-0.3635

-0.6818






OEBPS/Images/fendo-14-1201110-g001.jpg
Patients diagnosed with abnormal blood glucose during
January 2018 and January 2021 in hospital (n=4327)

Patients with a history of diabetes mel
litus
or the usage of antidiabetic drugs
(n=3501)

Patients with newly diagnosed type 2
diabetes and age between 40-70
(n=835)

Patients with

lipid lowering treatment (n=70)
Patients with a history of

atherosclerotic cardiovascular diseas
e or severe renal dysfunction (n=109)

Patients without
ultrasonography or CT
examination (n=76)

Patients with malignancy (n=29)

Patients included (n=549)

Patiens without plaque burden Patients with plaque burden
(n=280) (n=269)






OEBPS/Images/fendo.2023.1201110_cover.jpg
& frontiers | Frontiers in Endocrinology

A nomogram based on radiomics
intermuscular adipose analysis to indicate
arteriosclerosis in patients with newly
diagnosed type 2 diabetes





OEBPS/Images/logo.jpg
, frontiers ’ Frontiers in Endocrinology





OEBPS/Images/fendo-14-1201110-g004.jpg
Model 3

Model 2

Model 1

Prediction

foqe joqe

Prediction

foge foqe

Prediction

feqe feqe

uaping anberd InoYIM 10 YIM sjuSTIRg

Validation set

R2BIRBR

Prediction

Prediction

Prediction

Training set Validation set

Prediction

6] & €]
Al foge]
88388 ®
=
E| &
2
2
&
B
1007 foge .
BRERBSR 8 & & ¥
[ |
E] 8 - E| (=]
g
B
&
@ - ®

- foqe -

eqe]

uspanq anbeyd y3ry 10 mo] IIm SUSTE]

‘Pradiction

Prediction

el





OEBPS/Images/table1.jpg
Without plaque burden (n=280)

With plaque burden
(n=269)

Age (years) 52.00 (46.00-58.00) 57.00 (52.00-63.00) <0.001*
Men (n, %) 173 (61.80) 190 (70.60) 0.029%
BMI (kg/m?) 24.80 (22.68-26.60) 24.50 (22.44-27.10) 0.700
Waist circumference (cm) 88.00 (83.00-95.00) 89.00 (81.00-94.00) 0.581
SBP (mmHg) 129.00 (118.00-140.00) 136.00 (123.00-148.00) <0.001*
DBP (mmHg) 83.00 (76.00-90.00) 84.00 (76.00-90.00) 0.556
Hypertension (n, %) 103 (36.80) 139 (51.70) <0.001*
Current smoking (n, %) 104 (37.10) 134 (49.80) 0.003*
Alcohol consumption (n, %) 90 (32.10) 108 (40.10) 0.051
Total cholesterol (mmol/L) 4.80 (4.04-5.72) 4.73 (4.06-5.54) 0.599
Triglyceride (mmol/L) 1.56 (1.14-2.44) 1.55 (1.07-2.20) 0.216
LDL cholesterol (mmol/L) 3.12 (2.52-3.82) 3.14 (2.54-3.75) 0.762
HDL cholesterol (mmol/L) 1.08 (0.93-1.32) 1.09 (0.93-1.29) 0.724
Hs-CRP (mg/L) 1.58 (0.87-3.36) 1.87 (0.93-3.48) 0.267
Fasting blood glucose (mmol/L) 11.36 (9.05-13.89) 11.36 (9.26-10.05) 0.834
TyG index 9.60 (9.12-10.04) 9.57 (9.20-9.91) 0.408
Fasting C-peptide (pmol/L) 465.95 (331.26-626.25) 466.00 (344.00-614.75) 0.484
Fasting insulin (pmol/L) 34.44 (22.39-48.07) 33.37 (23.22-49.50) 0.742
HbAlc (%) 10.90 (9.50-12.50) 11.00 (9.20-12.40) 0.663

Data are presented as median (Pss-Ps) or number (%).
TYG, triglyceride-glucose; BMI, body mass index; SBP, systolic blood pressure; DBP, diastolic blood pressure; HDL, high density lipoprotein; LDL, low density lipoprotein; hs-CRP, high
sensitivity C-reactive protein; HbA1c, haemoglobin.

Both * symbol and bold values provided in Table 1 indicate significant differences between the two groups (P < 0.05).





