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Abstract

:

Background: Resting electrocardiogram (ECG) is a valuable non-invasive diagnostic tool used in clinical medicine to assess the electrical activity of the heart while the patient is resting. Abnormalities in ECG may be associated with clinical biomarkers and can predict early stages of diseases. In this study, we evaluated the association between ECG traits, clinical biomarkers, and diseases and developed risk scores to predict the risk of developing coronary artery disease (CAD) in the Qatar Biobank. Methods: This study used 12-lead ECG data from 13,827 participants. The ECG traits used for association analysis were RR, PR, QRS, QTc, PW, and JT. Association analysis using regression models was conducted between ECG variables and serum electrolytes, sugars, lipids, blood pressure (BP), blood and inflammatory biomarkers, and diseases (e.g., type 2 diabetes, CAD, and stroke). ECG-based and clinical risk scores were developed, and their performance was assessed to predict CAD. Classical regression and machine-learning models were used for risk score development. Results: Significant associations were observed with ECG traits. RR showed the largest number of associations: e.g., positive associations with bicarbonate, chloride, HDL-C, and monocytes, and negative associations with glucose, insulin, neutrophil, calcium, and risk of T2D. QRS was positively associated with phosphorus, bicarbonate, and risk of CAD. Elevated QTc was observed in CAD patients, whereas decreased QTc was correlated with decreased levels of calcium and potassium. Risk scores developed using regression models were outperformed by machine-learning models. The area under the receiver operating curve reached 0.84 using a machine-learning model that contains ECG traits, sugars, lipids, serum electrolytes, and cardiovascular disease risk factors. The odds ratio for the top decile of CAD risk score compared to the remaining deciles was 13.99. Conclusions: ECG abnormalities were associated with serum electrolytes, sugars, lipids, and blood and inflammatory biomarkers. These abnormalities were also observed in T2D and CAD patients. Risk scores showed great predictive performance in predicting CAD.
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1. Introduction


Resting electrocardiogram (ECG) is a valuable diagnostic tool used in clinical medicine to assess the electrical activity of the heart while the patient is at rest [1,2,3]. ECG abnormalities directly indicate certain diseases, such as atrial fibrillation (AF) [4] and heart arrhythmias (ARs) [5]. They tend to occur more often in patients with certain diseases (e.g., diabetes [6,7], coronary artery disease (CAD) [8], hypertension (HTN) [9]) compared to healthy people.



ECG abnormalities have been shown to be associated with metabolic syndrome and its components, with evidence changing by gender [10]. They have also been associated with insulin-induced hypoglycemia [11,12] and abnormal serum electrolyte levels. Deviations in the concentrations of extracellular potassium, calcium, and magnesium have the potential to disrupt the myocyte membrane potential gradients and modify the cardiac action potential [13]. Many of these results were obtained in disease cohorts and not in general populations.



Risk scores using ECG parameters have been proposed to predict various outcomes, including mortality [14], sudden cardiac death in the general population [15], and cardiovascular disease and its subclinical phenotypes [16,17,18]. These risk scores can be combined with traditional clinical risk scores that are used to predict cardiovascular diseases (CVD) (e.g., QRISK3) [19] and type 2 diabetes (T2D) (e.g., FINDRISC) [20]. Accurate disease prediction and early detection are important for better prevention and management of CAD and T2D.



Most findings about ECG association with various diseases and performance of risk scores were determined using cohorts of individuals of European descent. To the best of our knowledge, ECG was never studied in the Middle Eastern and North African (MENA) region. In this study, we evaluated the association between ECG traits and (1) diseases such as T2D and CAD, (2) serum electrolytes, (3) blood and inflammatory biomarkers (e.g., red blood cells, white blood cells, C-reactive protein, etc.), and (4) CVD/T2D risk factors (e.g., LDL-C, insulin, etc.) in the Qatar Biobank (QBB) dataset. We used the 12-lead resting ECG data of 13,827 subjects from QBB, a self-reported questionnaire, biochemical markers (serum electrolytes and CVD/T2D risk factors (sugars/lipids/BP)), and available electronic medical records (EMRs) of 8308 subjects to extract disease information (e.g., CAD, AF, etc.).




2. Materials and Methods


2.1. Study Cohort


The dataset consisted of 13,827 Qatari individuals. QBB collected all samples and generated the phenotypic data [21]. Personal referrals from family, friends, social media, and the QBB’s website were used to recruit participants. Deep phenotyping was performed at QBB facilities. Participants filled out a standardized questionnaire presenting information about lifestyle, nutrition, and medical history. Blood, saliva, and urine were collected and kept in liquid nitrogen at –80 °C. To ensure informed permission from all participants, the research study protocol’s ethical approval was obtained from the Hamad Medical Corporation Ethics Committee (Protocol No. MRC-03-20-097) and QBB Institutional Review Board (IRB) (Protocol No. E-2019-QF-QBB_RES-ACC-0153-0103) in 2020 and renewed on an annual basis.




2.2. Phenotypic Data: Serum Electrolytes, Sugars/Lipids, Blood and Inflammatory, and Clinical/Disease Traits


EMRs for 8308 participants were available based on the International Classification of Diseases, 10th Revision Codes and Systemized Nomenclature of Medicine Clinical Terminology Codes (SNOMED CT). Self-reported questionnaires and biochemical marker data were available on 14,259 subjects. Five categories were considered: (1) demographics, which included sex, age, BMI, and ancestry; (2) serum electrolytes, which included chloride, magnesium, potassium, sodium, calcium, phosphorus, and bicarbonate; (3) sugars/lipids, which included glucose, HbA1C, insulin, LDL-C, HDL-C, total cholesterol (TC), triglycerides (TG); (4) blood and inflammatory, which included eosinophil, basophil, lymphocyte, monocyte, neutrophil, red blood cells, white blood cells, and C-reactive protein; and (5) clinical/disease traits, which included CAD (527 patients), T2D (3308 patients), AF (67 patients), AR (391 patients), cardiomyopathy (CM; 48 patients), stroke (92 patients), hyperthyroidism (1369 patients), smoking (3615 patients), systolic blood pressure (SBP), and diastolic blood pressure (DBP). T2D status was determined using HbA1C (T2D if HbA1C > 6.5), self-reported questionnaire, and available EMR data. CAD, AF, CM, stroke, hyperthyroidism, and smoking were extracted from EMR and questionnaire data. Note that all ECG traits and tested continuous variables were mean-centered and standardized.




2.3. ECG Data


Resting 12-lead ECG was performed using Mortara Eli 350 or 380 automated system (Welch Allyn, Skaneateles Falls, New York, NY, USA) to collect data from participants who were required to rest for 2 min. The ECG data were collected following 10 s ECG recording with an interval of 1 min between each recording, three times [21]. Measures were automatically recorded, including the RR interval, PR interval, QRS duration, and corrected QT interval (QTc). These measures were averaged over the 3 recordings and used for analysis. Two additional variables were calculated: P wave (PW) was calculated as max (Offset–Onset) over the three time points, and JT interval as “average QTc–average QRS”. ECG data were available for 13,827 participants.




2.4. Statistical Analysis


Association analysis was performed between the 6 ECG traits (RR, PR, QRS, QTc, PW, and JT) and each of the demographics, serum electrolytes, sugars/lipids, blood and inflammatory, and clinical/disease traits. Linear regression was applied, adjusting for sex, age, and BMI, except when testing the association with demographic variables. Risk scores were developed to predict CAD using a variety of models that included the following as predictors: demographics only, ECG traits only, serum electrolytes only, sugars/lipids only, and clinical/disease traits that are known to be risk factors for CAD. A global model was developed, including all traits from the previous categories. The risk scores were created by splitting the full data into training and testing datasets (70% vs. 30%, respectively). Multivariate logistic regression and xgboost machine-learning models were performed. In the multivariate regression model (RSmult), the regression effect sizes were recorded and used to build the risk score as a weighted sum (effect size × predictors). Only predictors that had a p < 0.05 were included in the risk score calculation. Xgboost risk score (RSxgboost) included all features/predictors and used the following parameters: max_depth = 2, gamma = 0, max_delta_step = 0, lambda = 1, eta = 0.001, nthread = 8, and nrounds = 4000 in the xgboost R package (https://cran.r-project.org/web/packages/xgboost/index.html, accessed on 1 September 2023). The performance of each score was evaluated using logistic regression between the disease and the risk score. OR per 1 SD increase, the area under the receiver operating curve (AUC), and OR for the top decile (ORdecile) vs. the remaining deciles were reported as performance metrics in the testing dataset.





3. Results


The cohort characteristics and summary of the ECG traits before normalization are shown in Table 1. The total number of subjects was 13,827, of which 44.46% were male. The cohort was relatively young, with an average age of 40.12 ± 13.11. The average BMI was 29.6 ± 6.16.



3.1. Association Analysis


3.1.1. Demographics


Sex, age, and BMI were all associated with all ECG traits (p < 3.8 × 10−13; Table 2). RR, PR, QRS, and PW were significantly elevated in females, with QRS being the most significant ECG trait. QTc and JT were significantly decreased in females (Table 2). All ECG traits except for RR were positively correlated with age and BMI (Table 2). Age showed the most significant association with QTc (p = 3.4 × 10−218) and BMI with PW (p = 9.1 × 10−222) (Table 2). Ancestry, as inferred using genetic data, was associated with ECG traits. Only JT and RR did not show significant associations using the Bonferroni significance level (α = 0.05/6 = 0.008) (Figure 1). PR was the ECG trait with the largest differences between ancestral groups (p = 7.99 × 10−19; Figure 1). PR was the largest in individuals with African origins (average—167 ms) and lowest in individuals with South Asian origins (average—159 ms). QRS was the largest in South-Asian-origin individuals (average—94 ms) and the lowest in African-origin individuals (average—91 ms) (Figure 1). QTc was also the highest in South-Asian-origin individuals. Although differences were observed between ancestral groups, the magnitude of these differences may not be of clinical relevance.




3.1.2. Serum Electrolytes


With Bonferroni significance (0.05/(7 × 6) = 1.1 × 10−3), RR was significantly associated with all tested electrolytes except potassium (Figure 2). Electrolytes were associated with an increase in RR, except for calcium (Figure 2). PR was only associated with phosphorus and bicarbonate, showing a positive correlation (Figure 2). QRS was associated with potassium (negative correlation) and phosphorus and bicarbonate (positive correlations) (Figure 2). QTc was significantly decreased with potassium and calcium but increased with phosphorus and magnesium (Figure 2). PW did not show significant associations at Bonferroni levels, while JT was significantly elevated with phosphorus and decreased with potassium and calcium (Figure 2).




3.1.3. Sugars/Lipids


With Bonferroni significance (0.05/(7 × 6) = 1.1 × 10−3), all sugars/lipids traits except LDL-C were associated with RR (Figure 3). Only HDL-C showed a positive correlation with RR, meaning that the increase in HDL-C was associated with an increase in RR (Figure 3). The two most significant associations were between RR and HbA1C (p = 5.0 × 10−133) and between RR and TG (p = 2.9 × 10−94) (Figure 3). For PR, only insulin, HbA1C, and TG showed significant associations (p = 1.3 × 10−4, 1.3 × 10−4, and 1.9 × 10−5, respectively; Figure 3). For QRS, QTc, PW, and JT, only one negative association was significant between PW and HbA1C (p = 7.3 × 10−5) (Figure 3).




3.1.4. Blood and Inflammatory


Here, the Bonferroni significance level was 0.05/(8 × 6) = 10−3. Monocytes and basophils did not show significant associations with RR (Figure 4). Eosinophils were associated with an elevated RR, while the remaining blood traits were associated with a decreased RR (Figure 4). For PR, neutrophils, red blood cells, white blood cells, and C-reactive protein were significantly associated and negatively correlated with PR (p = 1.2 × 10−14, 4.5 × 10−6, 5.0 × 10−11, and 3.3 × 10−5, respectively; Figure 4). For QRS and JT, C-reactive protein and red blood cells yielded negative associations (p = 1.8 × 10−6 and 1.1 × 10−4, respectively; Figure 4). No significant associations were observed for QTc and PW (Figure 4).




3.1.5. Clinical/Disease Traits


AF was significantly associated with PW at a Bonferroni significance level (α = 0.05/(10 × 6) = 8.3 × 10−4; p = 5.7 × 10−18; Figure 5). Low PW was associated with a higher risk of AF (Figure 5). Higher CM risk was associated with elevated QRS and QTc (p = 2.3 × 10−20 and 6.2 × 10−11, respectively; Figure 5). Increased QRS and QTc were associated with elevated risk of CAD (p = 2.3 × 10−20 and 6.2 × 10−11, respectively; Figure 5). T2D risk was decreased with elevated PW (p = 6.6 × 10−4), elevated PR (p = 4 × 10−4), and elevated RR (p = 7.7 × 10−73) (Figure 5). Hyperthyroidism and stroke were not associated with any ECG traits (Figure 5). SBP and DBP were associated with RR (p = 6.8 × 10−50 and 9.2 × 10−140, respectively) and QTc (p = 3.6 × 10−8 and 8.3 × 10−7, respectively). QRS was associated with SBP (p = 8.7 × 10−7), JT was associated with DBP (p = 3.6 × 10−11), and PW was associated with DBP (p = 1.4 × 10−5) (Figure 5).





3.2. Risk Score Performance to Predict CAD


Risk score results are presented in Table 3. The RSmult for the demographic variables was performed twice. In the first model, only sex and age were the variables that contributed to the risk scores, while BMI and ancestry were not significant. The OR was 3.84 (95% CI [3.21, 4.59], p = 3.55 × 10−49) and AUC was 0.84. However, this performance is due to the data collection process and the unbalanced distribution of age and sex for CAD vs. control subjects (mean age in CAD = 54.46 vs. 39.57 in controls; 39% of CAD patients were females, whereas 56% were females in controls). In the second RSmult model, we omitted age and sex. BMI and ancestry were both significant and yielded a score with OR = 1.24 (95% CI [1.06, 1.46], p = 6.34 × 10−3) and AUC = 0.56. The RSmult model focusing on clinical/disease variables (AUC = 0.8, OR = 2.85 (95% CI [2.46, 3.31], p = 8.76 × 10−44) performed better than the models focusing on ECG traits (AUC = 0.66, OR = 1.65 (95% CI [1.45, 1.88], p = 4 × 10−14), electrolytes (AUC = 0.64, OR = 1.76 (95% CI [1.52, 2.04], p = 1.9 × 10−14), sugars/lipids (AUC = 0.75, OR = 2.04 (95% CI [1.8, 2.32], p = 9.88 × 10−29). The model that included the blood and inflammatory variables did not show significant results. The global model showed a negligible improvement in performance over the model with clinical/disease variables (AUC = 0.81, OR = 2.85 (95% CI [2.46, 3.3], p = 2.2 × 10−44). The ORdecile was the highest for the global model (ORdecile = 9.57). Xgboost model included all variables. The global RSxgboost outperformed the global RSmult (AUC = 0.84, OR = 2.06 (95% CI [1.87, 2.28], p = 2.1 × 10−46). Most importantly, the ORdecile for xgboost was 13.99, which was substantially higher than the global RSmult (i.e., 9.57). The effect sizes for the multivariate regression and variable importance for xgboost are shown in Supplementary Table S1. Finally, we performed a risk score analysis excluding AF patients from the dataset, but the obtained performance did not change (data not shown).





4. Discussion


In this study, we performed association analysis between ECG traits (RR, PR, QRS, QTc, PW, and JT) and several clinical biomarkers and diseases. We used the QBB dataset of 13,827 participants with available ECG data. We tested three types of biomarkers: serum electrolytes (chloride, magnesium, potassium, sodium, calcium, phosphorus, and bicarbonate), sugars/lipids (glucose, HbA1C, insulin, LDL-C, HDL-C, total cholesterol, and TG), and blood and inflammatory (eosinophil, basophil, lymphocyte, monocyte, neutrophil, red blood cells, white blood cells, and C-reactive protein). The clinical and disease traits that were tested with ECG traits were AF, AR, CM, T2D, CAD, smoking, hyperthyroidism, stroke, SBP, and DBP. This is the first and largest such a study in the Middle East and North Africa region. Participants in the QBB cohort had Arab, African, and South Asian origins. The summary of significant associations and their directions with ECG traits is shown in Figure 6.



Serum electrolyte imbalances have been reported to be associated with ECG abnormalities and cardiac arrhythmias [22,23]. Mild hyperkalemia was associated with a narrow QTc interval [23]. This is concordant with what was observed in our study. QTc was inversely and significantly associated with potassium levels. However, potassium levels were not associated with PR, as previously discussed [13,23]. Consistent with the literature, lower calcium levels (hypocalcemia) were associated with prolongation of QTc [22,24]. Lower levels of calcium were also associated with elevated JT and RR. Heart rate, which is inversely proportional to RR, was previously shown to correlate with lower levels of calcium [25]. In our study, heart rate increase was associated with a rise in all serum electrolytes (except for calcium), with bicarbonate and chloride being the most statistically significant. Phosphorus rise was associated with prolonged QTc. In the Third National Health and Nutrition Survey (NHANES III) and the Atherosclerosis Risk in Communities (ARIC) study, phosphorus was positively associated with longer QTc, which is consistent with our data [24]. However, in patients undergoing hemodialysis, longer QTc was associated with lower phosphorus serum levels [26]. This suggests that the associations we identified may be valid for relatively healthy participants, and different relationships may be observed depending on the presence of certain diseases.



Sugars, lipids, and BP traits are known risk factors for CVD and T2D. CVD and T2D can lead to cardiac arrhythmias [27]. AF, which is the most common form of arrhythmias, is associated with a range of CVD [28]. In our study, all sugars/lipids/BP were associated with heart rate except LDL-C. An increase in these traits was associated with an increase in heart rate, except for HDL-C, which was negatively correlated with heart rate. In a recent study with a relatively small sample size, a positive correlation was observed between heart rate and HDL-C, LDL-C, BMI, and TG [29]. Our results should be more accurate because of our larger sample size (40× higher) and thus higher statistical power. The good cholesterol HDL-C is considered a protective factor against CVD, and it is expected that it has an impact on decreasing heart rate. QTc was only associated with BP traits where the correlation was positive (higher blood pressure associated with longer QTc). Elevations in SBP and DBP can disrupt ventricular repolarization, leading to the prolongation of the QT interval [30]. Prolonged PR intervals increase susceptibility to AF [31,32]. It was previously shown that enhanced PI3K activation reduced PR intervals in cross-bred transgenic mice [33]. Therefore, PI3K activation by insulin may avert AF and improve cardiac rhythm [31]. Our results add evidence to this hypothesis, where we showed that an increase in insulin and HbA1C levels was associated with reduced PR intervals.



PR interval was negatively associated with red blood cells, neutrophils, and C-reactive protein. The decrease in any of these biomarkers may lead to a prolonged PR. The decrease in RR due to an increase in red blood cells, neutrophils, and C-reactive protein resulted in only a PR interval decrease, while QRS, QTc, PW, and JT remained relatively unchanged. The other types of white blood cells were not associated with any ECG trait. The increase in red blood cells is expected to be associated with an increase in heart rate (decrease in RR). When tissues receive insufficient oxygen, the body may attempt to compensate by increasing the heart rate to pump more oxygenated blood to the tissues.



ECG alterations have been previously observed in T2D, CVD, CM, and other diseases [34]. For example, long QTc, QT dispersion, and left ventricular hypertrophy may be observed in T2D patients [35]. In our study, PR, RR, and PW intervals were the only ECG variables that decreased in T2D patients. In CAD patients, QRS and QTc were the only ECG traits that showed significant associations. An increase in QRS and QTc was observed in CAD patients. Like CAD, CM patients showed higher QRS and QTc levels. As expected, the increase in QRS and QTc was greater in CM patients than in CAD patients. AF patients, despite their small numbers, showed a significant decrease in PW intervals. Long QRS and QTc were found to be among the strongest predictors of CAD events in postmenopausal women [36] concordant with what was observed in our study, which generalizes this finding to the general population (not only postmenopausal women). These two variables were also identified as the dominant mortality predictors [36]. They can be used clinically to improve the prognosis of CAD patients.



The risk prediction of CAD using various well-established risk factors is important for early detection and prevention. One commonly used risk score is QRISK3 [19]. Additional risk factors can improve the performance of risk scores for CAD. ECG traits were previously used to predict the level of coronary artery calcium, and they provided good performance [16]. ECG abnormality risk scores were also shown to predict mortality risk in the elderly [37]. Recently, a deep learning model was developed using 12-lead ECGs and predicted 5-year atherosclerotic disease with an AUC of 0.67 [38]. Our results showed a good predictive power for CAD using ECG traits only (i.e., AUC = 0.66). OR for the top decile compared to the remaining deciles was 3.76 for the model that includes ECG traits only, which means a 3.76-fold risk increase in people with the highest risk score values. The performance of the risk scores developed using serum electrolytes, sugars/lipids, or clinical/disease traits all outperformed the ECG-based risk score. The global risk score, which showed the greatest predictive performance (AUC = 0.81 and ORdecile = 9.57), contained T2D, stroke, SBP, DBP, RR, PR, QRS, QTc, magnesium, potassium, smoking, and HbA1C. The machine-learning model, xgboost, outperformed the multivariate logistic regression (AUC = 0.84 and ORdecile = 13.99). The model included serum electrolytes, sugars/lipids, demographics, and clinical/disease risk factors. Both multivariate and xgboost models can be easily used in clinical settings. However, it is important to validate our developed risk scores in independent cohorts from the same region. Finally, the validation and utility of integrating ECG risk scores, genetic risk scores, and clinical scores remains to be seen in future longitudinal studies for CAD and other diseases.



This study has a few limitations. The sample size for diseases (AF, CM, AR, CAD, and stroke) is small. In the risk score analysis, ideally, the cases and controls should be age- and sex-matched, which was not the case in our study. Selecting a subset of controls to match our cases would have reduced the sample size drastically, especially for the disease categories. Since this is a retrospective study, the validation of the risk scores needs further investigation using longitudinal datasets.




5. Conclusions


Our study is the largest and the first study to investigate ECG trait associations with sugars, lipids, BP, blood and inflammatory biomarkers, CAD, T2D, and arrhythmias in a Middle Eastern cohort. Significant associations were identified with different ECG traits. RR was the ECG trait that showed significant associations with the highest number of variables. T2D, HbA1C, and triglycerides showed the largest negative effect size with RR. Importantly, QTc was shown to be longer in CAD patients but showed a negative correlation with calcium levels. Interestingly, the JT interval, part of the QTc interval, was negatively associated with calcium levels and smoking. Risk scores for CAD showed great predictive power. They included ECG traits, demographics, serum electrolytes, sugars, lipids, and clinical and disease traits (T2D, HbA1C, TC, QRS, SBP, QTc, smoking, glucose, RR, potassium, LDL-C, PW, TG, BMI, DBP, insulin, stroke, HDL-C, and PR). Implementation of these scores in clinical practice should help in setting tailored prevention and treatment plans for everyone.








Supplementary Materials


The following supporting information can be downloaded at https://www.mdpi.com/article/10.3390/jcm13010276/s1, Table S1: Effect sizes and variable importance of the traits included in the risk scores using multivariate regression and xgboost.





Author Contributions


M.S. conceived the study and designed the analysis plan. F.Q., A.A., A.S., J.A.S., D.D. and N.A. applied for data access. F.Q., K.K., M.E. and M.S. had access to the ECG and clinical data. F.Q., K.K. and M.S. performed the statistical analysis. F.Q., K.K., M.E. and M.S. generated the figures and tables. F.Q. and M.S. drafted the manuscript. All co-authors revised the manuscript and approved it. M.S. supervised the study. All authors have read and agreed to the published version of the manuscript.




Funding


This publication was made possible by the PPM3 award PPM 03-0322-190036 from the Qatar National Research Fund (a member of Qatar Foundation).




Institutional Review Board Statement


The research study protocol’s ethical approval was obtained from the Hamad Medical Corporation Ethics Committee (Protocol No, MRC-03-20-097) and QBB Institutional Review Board (IRB) (Protocol No. E-2019-QF-QBB_RES-ACC-0153-0103) in 2020 and it is renewed on an annual basis.




Informed Consent Statement


All participants gave informed consent.




Data Availability Statement


The data are not available in public repositories. They can be accessed through application to the Qatar Biobank through an established ISO-certified process by submitting a request online, subject to institutional review board approval by the Qatar Biobank. To submit a request, see https://www.qatarbiobank.org.qa/research/how-to-apply-new/ (accessed on 28 December 2023).




Acknowledgments


The authors would particularly like to thank all Qatar Biobank cohort participants and staff and Hamad Medical Corporation for their generous collaboration. We thank Abdulla Shaar for generating Figure 6.




Conflicts of Interest


The authors declare no conflicts of interest.




References


	



Hampton, J.R. The importance of minor abnormalities in the resting electrocardiogram. Eur. Heart J. 1984, 5 (Suppl. SA), 61–63. [Google Scholar] [CrossRef] [PubMed]

	



Surber, R.; Schwarz, G.; Figulla, H.R.; Werner, G.S. Resting 12-lead electrocardiogram as a reliable predictor of functional recovery after recanalization of chronic total coronary occlusions. Clin. Cardiol. 2005, 28, 293–297. [Google Scholar] [CrossRef] [PubMed]

	



Yue, W.; Wang, G.; Zhang, X.; Chen, B.; Wang, X.; Huangfu, F.; Jia, R. Electrocardiogram for predicting cardiac functional recovery. Cell Biochem. Biophys. 2014, 70, 87–91. [Google Scholar] [CrossRef] [PubMed]

	



Perez, M.V.; Dewey, F.E.; Marcus, R.; Ashley, E.A.; Al-Ahmad, A.A.; Wang, P.J.; Froelicher, V.F. Electrocardiographic predictors of atrial fibrillation. Am. Heart J. 2009, 158, 622–628. [Google Scholar] [CrossRef] [PubMed]

	



Shah, A.M.; Jefferies, J.L.; Rossano, J.W.; Decker, J.A.; Cannon, B.C.; Kim, J.J. Electrocardiographic abnormalities and arrhythmias are strongly associated with the development of cardiomyopathy in muscular dystrophy. Heart Rhythm. 2010, 7, 1484–1488. [Google Scholar] [CrossRef] [PubMed]

	



Harms, P.P.; van der Heijden, A.A.; Rutters, F.; Tan, H.L.; Beulens, J.W.J.; Nijpels, G.; Elders, P.; Escape NET. Prevalence of ECG abnormalities in people with type 2 diabetes: The Hoorn Diabetes Care System cohort. J. Diabetes Complicat. 2021, 35, 107810. [Google Scholar] [CrossRef]

	



Soliman, E.Z.; Backlund, J.C.; Bebu, I.; Orchard, T.J.; Zinman, B.; Lachin, J.M.; Group DER. Electrocardiographic Abnormalities and Cardiovascular Disease Risk in Type 1 Diabetes: The Epidemiology of Diabetes Interventions and Complications (EDIC) Study. Diabetes Care 2017, 40, 793–799. [Google Scholar] [CrossRef]

	



Kaolawanich, Y.; Thongsongsang, R.; Songsangjinda, T.; Boonyasirinant, T. Clinical values of resting electrocardiography in patients with known or suspected chronic coronary artery disease: A stress perfusion cardiac MRI study. BMC Cardiovasc. Disord. 2021, 21, 621. [Google Scholar] [CrossRef]

	



Lehtonen, A.O.; Puukka, P.; Varis, J.; Porthan, K.; Tikkanen, J.T.; Nieminen, M.S.; Huikuri, H.V.; Anttila, I.; Nikus, K.; Kahonen, M.; et al. Prevalence and prognosis of ECG abnormalities in normotensive and hypertensive individuals. J. Hypertens. 2016, 34, 959–966. [Google Scholar] [CrossRef]

	



Ebong, I.A.; Bertoni, A.G.; Soliman, E.Z.; Guo, M.; Sibley, C.T.; Chen, Y.D.; Rotter, J.I.; Chen, Y.C.; Goff, D.C., Jr. Electrocardiographic abnormalities associated with the metabolic syndrome and its components: The multi-ethnic study of atherosclerosis. Metab. Syndr. Relat. Disord. 2012, 10, 92–97. [Google Scholar] [CrossRef]

	



Judson, W.E.; Hollander, W. The effects of insulin-induced hypoglycemia in patients with angina pectoris; before and after intravenous hexamethonium. Am. Heart J. 1956, 52, 198–209. [Google Scholar] [CrossRef]

	



Frier, B.M.; Schernthaner, G.; Heller, S.R. Hypoglycemia and cardiovascular risks. Diabetes Care 2011, 34 (Suppl. S2), S132–S137. [Google Scholar] [CrossRef] [PubMed]

	



Diercks, D.B.; Shumaik, G.M.; Harrigan, R.A.; Brady, W.J.; Chan, T.C. Electrocardiographic manifestations: Electrolyte abnormalities. J. Emerg. Med. 2004, 27, 153–160. [Google Scholar] [CrossRef] [PubMed]

	



Lu, T.P.; Chattopadhyay, A.; Lu, K.C.; Chuang, J.Y.; Yeh, S.S.; Chang, I.S.; Chen, C.J.; Wu, I.C.; Hsu, C.C.; Chen, T.Y.; et al. Develop and Apply Electrocardiography-Based Risk Score to Identify Community-Based Elderly Individuals at High-Risk of Mortality. Front. Cardiovasc. Med. 2021, 8, 738061. [Google Scholar] [CrossRef]

	



Holkeri, A.; Eranti, A.; Haukilahti, M.A.E.; Kerola, T.; Kentta, T.V.; Tikkanen, J.T.; Anttonen, O.; Noponen, K.; Seppanen, T.; Rissanen, H.; et al. Predicting sudden cardiac death in a general population using an electrocardiographic risk score. Heart 2020, 106, 427–433. [Google Scholar] [CrossRef] [PubMed]

	



Kang, M.; Chang, Y.; Kang, J.; Kim, Y.; Ryu, S. Electrocardiogram Risk Score and Prevalence of Subclinical Atherosclerosis: A Cross-Sectional Study. J. Pers. Med. 2022, 12, 463. [Google Scholar] [CrossRef] [PubMed]

	



Macfarlane, P.W.; Norrie, J.; Committee, W.E. The value of the electrocardiogram in risk assessment in primary prevention: Experience from the West of Scotland Coronary Prevention Study. J. Electrocardiol. 2007, 40, 101–109. [Google Scholar] [CrossRef]

	



Cedres, B.L.; Liu, K.; Stamler, J.; Dyer, A.R.; Stamler, R.; Berkson, D.M.; Paul, O.; Lepper, M.; Lindberg, H.A.; Marquardt, J.; et al. Independent contribution of electrocardiographic abnormalities to risk of death from coronary heart disease, cardiovascular diseases and all causes. Findings of three Chicago epidemiologic studies. Circulation 1982, 65, 146–153. [Google Scholar] [CrossRef]

	



Hippisley-Cox, J.; Coupland, C.; Brindle, P. Development and validation of QRISK3 risk prediction algorithms to estimate future risk of cardiovascular disease: Prospective cohort study. BMJ 2017, 357, j2099. [Google Scholar] [CrossRef]

	



Pesaro, A.E.; Bittencourt, M.S.; Franken, M.; Carvalho, J.A.M.; Bernardes, D.; Tuomilehto, J.; Santos, R.D. The Finnish Diabetes Risk Score (FINDRISC), incident diabetes and low-grade inflammation. Diabetes Res. Clin. Pract. 2021, 171, 108558. [Google Scholar] [CrossRef]

	



Al Thani, A.; Fthenou, E.; Paparrodopoulos, S.; Al Marri, A.; Shi, Z.; Qafoud, F.; Afifi, N. Qatar Biobank Cohort Study: Study Design and First Results. Am. J. Epidemiol. 2019, 188, 1420–1433. [Google Scholar] [CrossRef] [PubMed]

	



Surawicz, B. Role of electrolytes in etiology and management of cardiac arrhythmias. Prog. Cardiovasc. Dis. 1966, 8, 364–386. [Google Scholar] [CrossRef] [PubMed]

	



Johri, A.M.; Baranchuk, A.; Simpson, C.S.; Abdollah, H.; Redfearn, D.P. ECG manifestations of multiple electrolyte imbalance: Peaked T wave to P wave (“tee-pee sign”). Ann. Noninvasive. Electrocardiol. 2009, 14, 211–214. [Google Scholar] [CrossRef] [PubMed]

	



Zhang, Y.; Post, W.S.; Dalal, D.; Bansal, S.; Blasco-Colmenares, E.; Jan De Beur, S.; Alonso, A.; Soliman, E.Z.; Whitsel, E.A.; Brugada, R.; et al. Serum 25-hydroxyvitamin D, calcium, phosphorus, and electrocardiographic QT interval duration: Findings from NHANES III and ARIC. J. Clin. Endocrinol. Metab. 2011, 96, 1873–1882. [Google Scholar] [CrossRef] [PubMed]

	



Loewe, A.; Lutz, Y.; Nairn, D.; Fabbri, A.; Nagy, N.; Toth, N.; Ye, X.; Fuertinger, D.H.; Genovesi, S.; Kotanko, P.; et al. Hypocalcemia-Induced Slowing of Human Sinus Node Pacemaking. Biophys. J. 2019, 117, 2244–2254. [Google Scholar] [CrossRef] [PubMed]

	



Nie, Y.; Zou, J.; Liang, Y.; Shen, B.; Liu, Z.; Cao, X.; Chen, X.; Ding, X. Electrocardiographic Abnormalities and QTc Interval in Patients Undergoing Hemodialysis. PLoS ONE 2016, 11, e0155445. [Google Scholar] [CrossRef]

	



Kendir, C.; van den Akker, M.; Vos, R.; Metsemakers, J. Cardiovascular disease patients have increased risk for comorbidity: A cross-sectional study in the Netherlands. Eur. J. Gen. Pract. 2018, 24, 45–50. [Google Scholar] [CrossRef]

	



Odutayo, A.; Wong, C.X.; Hsiao, A.J.; Hopewell, S.; Altman, D.G.; Emdin, C.A. Atrial fibrillation and risks of cardiovascular disease, renal disease, and death: Systematic review and meta-analysis. BMJ 2016, 354, i4482. [Google Scholar] [CrossRef]

	



Li, Y.; Tang, C.; Wu, W.; Li, Z.; Li, X.; Huang, W.; Chen, W.; Mai, X.; Li, X.; Xu, C.; et al. Abnormal blood lipid and electrocardiogram characteristics in common mental disorders. BMC Psychiatry 2023, 23, 465. [Google Scholar] [CrossRef]

	



Jayanthi, R.; Girijasivam, S.P.; Gaur, A. Association of blood pressure and BMI to corrected QT interval in young adults. Can. J. Physiol. Pharmacol. 2021, 99, 894–899. [Google Scholar] [CrossRef]

	



Ng, K.W.; Allen, M.L.; Desai, A.; Macrae, D.; Pathan, N. Cardioprotective effects of insulin: How intensive insulin therapy may benefit cardiac surgery patients. Circulation 2012, 125, 721–728. [Google Scholar] [CrossRef] [PubMed]

	



Cheng, S.; Keyes, M.J.; Larson, M.G.; McCabe, E.L.; Newton-Cheh, C.; Levy, D.; Benjamin, E.J.; Vasan, R.S.; Wang, T.J. Long-term outcomes in individuals with prolonged PR interval or first-degree atrioventricular block. JAMA 2009, 301, 2571–2577. [Google Scholar] [CrossRef] [PubMed]

	



Pretorius, L.; Du, X.J.; Woodcock, E.A.; Kiriazis, H.; Lin, R.C.; Marasco, S.; Medcalf, R.L.; Ming, Z.; Head, G.A.; Tan, J.W.; et al. Reduced phosphoinositide 3-kinase (p110alpha) activation increases the susceptibility to atrial fibrillation. Am. J. Pathol. 2009, 175, 998–1009. [Google Scholar] [CrossRef] [PubMed]

	



De Bacquer, D.; De Backer, G.; Kornitzer, M. Prevalences of ECG findings in large population based samples of men and women. Heart 2000, 84, 625–633. [Google Scholar] [CrossRef] [PubMed]

	



Stern, S.; Sclarowsky, S. The ECG in diabetes mellitus. Circulation 2009, 120, 1633–1636. [Google Scholar] [CrossRef]

	



Rautaharju, P.M.; Kooperberg, C.; Larson, J.C.; LaCroix, A. Electrocardiographic abnormalities that predict coronary heart disease events and mortality in postmenopausal women: The Women’s Health Initiative. Circulation 2006, 113, 473–480. [Google Scholar] [CrossRef]

	



Ramirez, J.; van Duijvenboden, S.; Young, W.J.; Orini, M.; Jones, A.R.; Lambiase, P.D.; Munroe, P.B.; Tinker, A. Analysing electrocardiographic traits and predicting cardiac risk in UK biobank. JRSM Cardiovasc. Dis. 2021, 10, 20480040211023664. [Google Scholar] [CrossRef]

	



Hughes, J.W.; Tooley, J.; Torres Soto, J.; Ostropolets, A.; Poterucha, T.; Christensen, M.K.; Yuan, N.; Ehlert, B.; Kaur, D.; Kang, G.; et al. A deep learning-based electrocardiogram risk score for long term cardiovascular death and disease. NPJ Digit. Med. 2023, 6, 169. [Google Scholar] [CrossRef]








[image: Jcm 13 00276 g001] 





Figure 1. Variability in ECG traits by ancestry. Q-AFR: Qatari citizens with African origins; Q-SAS: Qatari citizens with South Asian origins (Iran and India); Arab: Qatari citizens with Arab origins spanning the Gulf and Middle East region. 
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Figure 2. Associations between ECG traits and serum electrolytes. Colors are proportional to the effect size of each regression model. Red colors represent a negative correlation, while green colors represent positive ones. The numbers in each cell are the p-values. The underlined p-values are significant with Bonferroni threshold. 
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Figure 3. Associations between ECG traits and sugars/lipids. Colors are proportional to the effect size of each regression model. Red colors represent a negative correlation, while green colors represent positive ones. The numbers in each cell are the p-values. HDL-C: high-density lipoprotein cholesterol; LDL-C: low-density lipoprotein cholesterol; TC: total cholesterol; TG: triglyceride. The underlined p-values are significant with Bonferroni threshold. 
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Figure 4. Associations between ECG traits and blood and inflammatory biomarkers. Colors are proportional to the effect size of each regression model. Red colors represent a negative correlation, while green colors represent positive ones. The numbers in each cell are the p-values. The underlined p-values are significant with Bonferroni threshold. 
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Figure 5. Associations between ECG traits and clinical/disease traits. Colors are proportional to the effect size of each regression model. Red colors represent a negative association, while green colors represent positive ones. The numbers in each cell are the p-values. Cases were coded as 1 and controls as 0. AF: atrial fibrillation; AR: arrhythmia; CAD: coronary artery disease; T2D: type 2 diabetes; HyperThyroid: hyperthyroidism. The underlined p-values are significant with Bonferroni threshold. 
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Figure 6. Summary of all Bonferroni-significant associations. Circle size is proportional to the effect size. The value of effect sizes is shown above the circles. 
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Table 1. Cohort characteristics and variable distributions.
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	Mean ± SD/N (%)





	Sex (male)
	6340 (44.46)



	Age
	40.12 ± 13.11



	BMI
	29.6 ± 6.16



	AF
	67 (0.005)



	AR
	156 (0.011)



	CR
	48 (0.003)



	CAD
	527 (0.038)



	T2D
	3308 (0.236)



	Hyperthyroidism
	1369 (0.098)



	Smoking
	3615 (0.258)



	Stroke
	92 (0.007)



	RR
	905.29 ± 131.23



	PR
	162 ± 22.55



	QRS
	93.28 ± 10.63



	QTc
	402.29 ± 18.56



	PW
	116.15 ± 11.13



	JT
	309.01 ± 19.78










 





Table 2. Associations between ECG traits and demographic data.
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Sex

	
Age

	
BMI

	
Ancestry




	

	
b

	
p

	
b

	
p

	
b

	
p

	
p






	
RR

	
−0.44

	
6.04 × 10−150

	
−0.06

	
3.81 × 10−13

	
−0.15

	
6.27 × 10−66

	
0.42




	
PR

	
−0.24

	
3.12 × 10−43

	
0.23

	
8.67 × 10−163

	
0.18

	
1.86 × 10−96

	
7.99 × 10−19




	
QRS

	
−0.71

	
0

	
0.12

	
1.20 × 10−42

	
0.10

	
1.07 × 10−31

	
3.52 × 10−14




	
QTc

	
0.56

	
1.29 × 10−247

	
0.26

	
3.43 × 10−218

	
0.20

	
7.58 × 10−122

	
2.12 × 10−4




	
PW

	
−0.29

	
2.05 × 10−66

	
0.23

	
2.01 × 10−168

	
0.27

	
9.14 × 10−222

	
2.55 × 10−6




	
JT

	
0.91

	
0

	
0.18

	
1.84 × 10−106

	
0.13

	
8.13 × 10−55

	
0.04








The sex variable was coded as 1 for females and 0 for males. Negative effect size means a decrease in ECG traits in females.













 





Table 3. Multivariate regression and machine-learning risk score models to predict CAD using several combinations of risk factors.






Table 3. Multivariate regression and machine-learning risk score models to predict CAD using several combinations of risk factors.





	

	
Risk Score




	

	
OR

	
OR 95% CI

	
p

	
OR Decile

	
AUC

	
AUC 95% CI






	
Multivariate regression

	

	

	

	

	

	




	
BMI + Ancestry

	
1.24

	
[1.06, 1.46]

	
6.34 × 10−3

	
1.36

	
0.56

	
[0.52, 0.61]




	
Sex + Age

	
3.84

	
[3.21, 4.59]

	
3.55 × 10−49

	
11.73

	
0.84

	
[0.81, 0.87]




	
PR + QRS + QTc

	
1.65

	
[1.45, 1.88]

	
4.00 × 10−14

	
3.76

	
0.66

	
[0.61, 0.7]




	
HDL + HbA1C

	
2.04

	
[1.8, 2.32]

	
9.88 × 10−29

	
7.57

	
0.75

	
[0.7, 0.79]




	
Chloride + Magnesium + Potassium + Calcium

	
1.76

	
[1.52, 2.04]

	
1.94 × 10−14

	
4.32

	
0.64

	
[0.59, 0.69]




	
SBP + DBP + Smoking + T2D + Stroke

	
2.85

	
[2.46, 3.31]

	
8.76 × 10−44

	
9.29

	
0.8

	
[0.77, 0.84]




	
SBP + DBP + Smoking + T2D + Stroke + RR + PR + QRS + QTc + HbA1C + Magnesium + Potassium + Ancestry

	
2.85

	
[2.46, 3.3]

	
2.20 × 10−44

	
9.57

	
0.81

	
[0.77, 0.85]




	
xgboost

	

	

	

	

	

	




	
T2D + HbA1C + TC + QRS + SBP + QTc + Smoking + Glucose + RR + Potassium + LDL-C + PW + TG + BMI + DBP + Insulin + Stroke + HDL-C + PR

	
2.06

	
[1.87, 2.28]

	
2.10 × 10−46

	
13.99

	
0.84

	
[0.81, 0.88]








TC: total cholesterol; TG: triglyceride; SBP: systolic blood pressure; DBP: diastolic blood pressure.
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