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Aim: Metabolic syndrome (MS) screening is essential for the early detection of the occupational population. This study aimed to screen out biomarkers related to MS and establish a risk assessment and prediction model for the routine physical examination of an occupational population.

Methods: The least absolute shrinkage and selection operator (Lasso) regression algorithm of machine learning was used to screen biomarkers related to MS. Then, the accuracy of the logistic regression model was further verified based on the Lasso regression algorithm. The areas under the receiving operating characteristic curves were used to evaluate the selection accuracy of biomarkers in identifying MS subjects with risk. The screened biomarkers were used to establish a logistic regression model and calculate the odds ratio (OR) of the corresponding biomarkers. A nomogram risk prediction model was established based on the selected biomarkers, and the consistency index (C-index) and calibration curve were derived.

Results: A total of 2,844 occupational workers were included, and 10 biomarkers related to MS were screened. The number of non-MS cases was 2,189 and that of MS was 655. The area under the curve (AUC) value for non-Lasso and Lasso logistic regression was 0.652 and 0.907, respectively. The established risk assessment model revealed that the main risk biomarkers were absolute basophil count (OR: 3.38, CI:1.05–6.85), platelet packed volume (OR: 2.63, CI:2.31–3.79), leukocyte count (OR: 2.01, CI:1.79–2.19), red blood cell count (OR: 1.99, CI:1.80–2.71), and alanine aminotransferase level (OR: 1.53, CI:1.12–1.98). Furthermore, favorable results with C-indexes (0.840) and calibration curves closer to ideal curves indicated the accurate predictive ability of this nomogram.

Conclusions: The risk assessment model based on the Lasso logistic regression algorithm helped identify MS with high accuracy in physically examining an occupational population.
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INTRODUCTION

Metabolic syndrome (MS) refers to a group of metabolism-related diseases, including obesity, dyslipidemia, diabetes/impaired glucose tolerance, hypertension, and other diseases (1). The number of patients with MS has increased with the increasing number of obese patients worldwide (2). At present, the global prevalence of MS is about 25%, indicating that nearly one billion people are affected. Among these, the occupational population occupies a significant part and continues to increase (3). It has posed a substantial economic burden and has become a serious public health problem.

China ranks first in the world, with nearly 900 million working people. Every year, nearly 25 million workers suffer from health hazards, among which MS is already an important risk factor seriously affecting the health of the occupational population (4). Many studies were conducted on the relationship between the working environment of the occupational population and MS. Ma et al. confirmed that exposure to heavy metal elements in the work environment affected the body's metabolic function and increased the risk of MS in the Chinese population (5). (6) confirmed that the long-term exposure to noise in the work environment increased the chance of suffering from MS in the Chinese professional population (6). At the same time, some related studies confirmed the relationship of MS with the type of work in different occupational groups (7–9). Therefore, performing early MS screening for the occupational population is of great significance.

Machine learning, whereby a computer algorithm learns from prior experience, was recently shown to perform better than traditional statistical modeling approaches (10, 11). Machine learning algorithms have been widely used to screen biomarkers for related diseases with the rapid development of artificial intelligence (12–14). Various supervised machine learning models based on the least absolute shrinkage and selection operator (Lasso) regression algorithm have been successfully applied to medical data (15). However, no relevant studies used the Lasso algorithm to screen relevant biomarkers for MS.

Therefore, the risk of MS can be better predicted if the biomarkers related to MS are screened, and a risk prediction model is established for biomarkers used in routine physical examination. In this study, the Lasso logistic regression feature selection algorithm of machine learning was used to screen the biomarkers related to MS, and a risk prediction model was established.



MATERIALS AND METHODS


Population and Data Collection

This study included occupational workers with operations in Zhejiang Province, China, between September 2010 and September 2020. The ethics committee of the Affiliated Hospital of Hangzhou Normal University approved all the procedures performed. The working environment included the metallurgical industry (35%), including steelmaking, ironmaking, steel rolling, coking, and so forth; casting, forging, heat treatment, and so forth in the machinery manufacturing industry (40%); and kiln workers and furnace workers in the glass and refractory industries (25%). A total of 3,077 workers were examined, of which 233 workers were excluded due to incomplete records and errors. Finally, 2,844 workers were selected for the study. According to relevant studies, related inflammatory factors, factors of erythrocyte parameters, blood pressure factors, lipid metabolic factors, obesity factors, and glucose metabolic factors are related to metabolic syndrome (16). This study included 32 basic biomarkers for routine physical examination in the population (Table 1). All the included people were physically examined by professional doctors according to the diagnostic criteria of MS (17) in the Chinese population.


Table 1. Types of medical markers included in the study.

[image: Table 1]



Lasso Regression Algorithm

Lasso regression feature selection is an unbiased estimation used to process high-dimensional complex collinearity data. The basic idea is to construct a penalty function to select the main variables with a strong correlation with the output parameters from the input variables and build a refined regression model (18). The penalty function constructed is as follows:
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where yi is the dependent variable, Xij = (Xi1, Xi1, …, Xin) is an independent variable, βj is the regression coefficient of the jth variable, and the value of λ can be [0, + ∞). Lasso feature selection compresses the model coefficients by increasing the penalty coefficient λ. When the absolute value of the regression coefficient Lasso estimate in the model is less than the absolute value of the minimum regression coefficient, some of the coefficients of the variables not strongly correlated are compressed to 0, and the variables corresponding to the coefficients with the estimated value of 0 are eliminated. In this way, the independent variables strongly related to the dependent variable are screened to achieve the purpose of feature selection. We used L1-penalized least absolute shrinkage and selection regression for multivariable analyses, augmented with tenfold cross-validation for internal validation.



Statistical Analysis

The continuous variables were analyzed by mean ± standard deviation, and the normality was tested by the Shapiro–Wilk method. A one-way analysis of variance was used to compare the differences between the metabolome and non-metabolome biomarkers in routine physical examination. The random sampling method was used to deal with the sample imbalance between workers with and without MS (19). The area under the receiving operating characteristic curve (AUC), true positive rate (also called sensitivity or recall), and false positive rate (specificity) are represented in a graphical plot. Based on the selected biomarkers, the logistic regression model was established, and the odds ratio (OR) value of each biomarker was given. Then, we established a nomogram risk prediction model. Two criteria, the concordance index (C-index) and the calibration curve, were used to validate the prediction model in the selected biomarker sets. The C-index, a value range between 0 and 1, is to assess the performance of the model. The larger the C-index (>0.70), the better the performance of the model. Calibration curves closer to ideal ones were thought to have the accurate predictive ability of this nomogram. Furthermore, we performed decision curve analysis (DCA) to visualize the net benefit for clinical decisions.

A test P-value < 0.05 indicated a statistically significant difference. The Lasso algorithm used the “glmnet” package for calculation. The nomogram was developed using the packages of “rms” and “foreign.” All analyses were performed using the statistical programming environment R (version 3.6.0).




RESULTS

A total of 2844 occupational workers were involved (Table 2), including 655 with MS (638 men and 17 women) and 2189 without MS (1936 men and 253 women). The body weight was greater in the MS group (78.4 kg) than in the non-MS group (64.9 kg). The average systolic blood pressure was higher in the MS group (86.5/154.1 mm Hg) than in the non-MS group (72.5/118.5 mm Hg). The one-way analysis of variance revealed differences in the expression of 14 physical examination biomarkers (P < 0.05) (Table 3).


Table 2. Basic characteristics of the population.
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Table 3. Basic characteristics of routine physical examination markers.
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The biomarkers were selected using the Lasso binary logistic regression model (Figure 1A). The tuning parameter (λ) selection in the Lasso model used tenfold cross-validation based on the minimum criteria. The area under the binomial deviance curve was plotted versus log (λ). Dotted vertical lines were drawn at the optimal values using the minimum criteria and the 1 standard error of the minimum criteria (the 1-SE criteria). Further, log (λ) = −4.331 was chosen (1-SE criteria) according to tenfold cross-validation of the Lasso coefficient profiles of the 32 features. A coefficient profile plot was produced against the log (λ) sequence (Figure 1B). A vertical line was drawn at the value selected using tenfold cross-validation, where optimal λ resulted in 10 nonzero coefficients. Finally, the 10 physical examination biomarkers related to MS were selected (Figure 1C). They were leukocyte count, platelet packed volume, alanine aminotransferase, absolute value of basophil, absolute number of monocytes, absolute number of neutrophils, red blood cell count, red blood cell distribution width CV, total protein, and percentage of neutrophils.


[image: Figure 1]
FIGURE 1. (A) Tuning parameter (λ) selection in the Lasso model used tenfold cross-validation based on the minimum criteria. (B) Changes in 32 marker coefficients with the penalty parameter (λ). (C) 32 marker coefficients obtained according to the selected best penalty parameter (λ).


A multiple logistic regression model was established, and the accuracy of the model was compared. All 32 physical examination biomarkers were incorporated into the model. The predicted results of the model are shown in Figure 2A, indicating that the AUC of the model was 0.652 (95%CI:0.578–0.712). The prediction result of the model after incorporating the final 10 biomarkers into the model is shown in Figure 2B. The AUC of the model was 0.907 (95%CI:0.841–0.932).
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FIGURE 2. Receiver operating characteristic (ROC) curve with area under the curve values for (A) non-Lasso regression and (B) Lasso regression.


A multiple logistic regression model was established using the 10 physical examination biomarkers selected; the analysis results are shown in Figure 3. The following five risk factors were not associated with MS (P < 0.05): absolute basophil count (OR: 3.38, CI:1.05–1.98), platelet packed count (OR: 2.63, CI:2.31–3.79), leukocyte count (OR: 2.01, CI:1.79–2.19), red blood cell count(OR: 1.99, CI:1.80–2.71), and alanine aminotransferase level (OR: 1.53, CI:1.12–1.98). Only two physical examination biomarkers showed no statistical significance in the prediction model (P > 0.05).


[image: Figure 3]
FIGURE 3. Study population for multivariate logistic regression analyses.


According to the selected biomarkers, we established a nomogram risk prediction model containing independent risk factors. The scores of the items displayed in the nomogram should be added up. As it is shown in Figure 4, alanine aminotransferase was associated with the highest risk, followed by the absolute number of neutrophils and the absolute number of monocytes.C-indexes were observed in both the selected biomarker sets (0.840); high agreements between ideal curves and calibration curves were observed. These results revealed a good discrimination ability of the nomogram prediction model (Figure 5A). The DCA curve revealed a more extensive range of cutoff probabilities shown by the nomogram. The threshold probabilities of the model had excellent net benefits and enhanced performance for predicting the patients with MS (Figure 5B).


[image: Figure 4]
FIGURE 4. Nomogram for the prediction of MS with Lasso selected biomarkers.
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FIGURE 5. (A) Calibration plots for predicting MS. X-axis: bootstrap-predicted; y-axis: actual outcome, (B) Decision curve analysis (DCA) of the novel nomogram for predicting MS. X-axis: cut-off probability; y-axis: net benefit.




DISCUSSION

This study selects the occupational population as the research object, with a large sample size and comprehensive inclusion indicators. We screened out 10 biomarkers related to MS in the occupational population. The established MS prediction model can be extended to clinical and physical examination centers to provide a judgment basis for the early risk assessment of MS in the occupational population.

The health of the occupational population has a strong relationship with the working environment. This population has high work pressure, disordered work and rest, irregular diet, and lack of exercise. These inevitable adverse factors increase the risk of MS (20). Hsiao and Yang conducted a 2-year (2003–2005) and 5-year (1997–2006) follow-up on a Chinese population (21). They both confirmed the routine examination of biomarkers such as serum cholesterol, triglyceride, and blood glucose levels, height, weight, blood pressure, and so forth. In this study, 10 biomarkers related to MS were further screened, including red blood cell count, total protein level, percentage of neutrophils, red blood cell distribution width CV, absolute number of neutrophils, leukocyte count, absolute value of basophils, alanine aminotransferase level, monocyte count, and platelet count. These potential biomarkers could be used to assess the risk of MS.

A low-level inflammatory state is considered to be a major potential mechanism of MS. Leukocyte is one of the most sensitive indicators reflecting inflammatory activity in vivo. Many studies have found that routine blood parameters are related to MS. A longitudinal cohort study of a healthy population in China showed a significant correlation between white blood cell count and MS (relative risk = 2.66). At the same time, the total numbers of white blood cells, neutrophils, monocytes, and basophils were the risk factors for obesity (22). (23) found a significant positive correlation between alanine aminotransferase level and risk of MS through quantitative and qualitative analyses, which had a predictive value for the incidence of MS (23). Further, a positive correlation was reported between red blood cell parameters, hematocrit, and MS for a large longitudinal cohort in China (24). Laufer et al. found that the prevalence of MS was 29% when the red blood cell distribution width was <14%, and the prevalence of MS was 34% when the red blood cell distribution width was more than 14% (25). Macrophage activation plays a crucial role in metabolic dysfunction, and neutrophils, as the representative of macrophages, must be closely related to metabolic syndrome (26). The findings on the biomarkers screened in the aforementioned studies were the same as those in the present study.

The research method in this paper is novel, and similar studies are rarely reported. This method effectively avoids the collinearity between independent variables so as to better screen biomarkers related to metabolic syndrome. Lasso is a method used to find out the essential structure of multivariate observation variables. However, the follow-up time of the longitudinal monitoring physical examination cohort constructed in this study is relatively short, and follow-up studies are needed to further verify the accuracy and effectiveness of the risk assessment model. In future research, we can continue to expand the sample size, verify the accuracy of the screened biomarkers, and finally establish the prediction model. We can use different research methods, such as decision trees (27), random forests (28), neural networks (29), and so forth, to compare the accuracy of each method in future studies.



CONCLUSIONS

This study selected 10 physical examination indicators related to MS based on the Lasso algorithm. An accurate risk prediction model for MS was established. The use of common indicators and examination items in the health examination of ordinary occupational populations provides a basis for using cost-effective and portable methods to realize the risk prediction of MS.
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Total bilirubin level (umol/L) 1381 +6.73 14.48 £6.10 0.19
Globuiin level (g/L) 2827 £3.02 26.89 +£3.25 0.01
Alanine aminotransferase level (U/L) 53.48 120,12 28,80+ 20.45 0.01
Absolute number of monocytes (10°/L) 0422015 039013 0.01
Percentage of lymphocytes (%) 3390+8.14 36.33+7.98 0.01
Hemoglobin level (/L) 287.23 £ 100.20 296.25 + 92.73 0.24
Platelet volume distribution width (f) 1330 £ 2,01 1316 £2.17 0.44
Platelet packed volume (f) 0.27 £0.06 025006 0.01

Average red blood cell volume (fl) 88.22 + 592 88.90 + 5.00 0.10
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