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Introduction: The 12-lead electrocardiogram (ECG) is one of modern medicine’s most important and useful diagnostic tests. It is a non-invasive, widely available and relatively cheap method used mainly in the diagnostics of arrhythmias and a variety of other pathologies, including conduction disturbances and ischemia. ECG is also used to evaluate the activity of a pacemaker or other implantable devices. Medical personnel worldwide routinely use the automatic analysis and interpretation of ECGs to support their medical evaluation of patients’ electrocardiograms.Methods: In the current study, we performed a precise analysis of electrocardiograms from 526 different patients and compared it to the automatic interpretations to determine the frequency of false-positive (overinterpretation) and false-negative (underinterpretation) incorrect interpretations.Results: It was found that about 39% of ECGs were interpreted incorrectly and amongst the misinterpreted 193 ECG cases, 58% were false-negative, while 57% were false-positive. Additionally, it was revealed that incorrect diagnosis of ischemia (false-positive) was correlated with the body mass index (BMI) of the subjects as well as with the undiagnosed chamber enlargements/hypertrophies. Moreover, we found that in elderly people (>60 years old) a larger number of incorrect diagnoses occurred. The diagnosis of ischemia, which is clinically the most important role of ECG, in our study occurred in 16.1% as a false-positive diagnosis, while in 22.3% ischemia remained unrecognized. Conduction abnormalities were overdiagnosed in 21.8% of cases, while underdiagnosis occurred in 14.5%. Arrhythmias were overdiagnosed in 28% of cases and 17.1% of cases were underdiagnosed.Discussion: In conclusion, we support the statement that relying on the automatic ECG analysis may lead to misinterpretations, which may mislead the medical staff. Automatic analysis of ECG may contain valuable data, although it requires verification and additional knowledge of electrocardiography in every case to achieve a correct and complete interpretation. Results of our studies should increase the caution among clinicians not to rely fully on the automated analysis. Future perspectives should include the application of AI in algorithms used in ECG analysis by manufacturers and paying more attention to accessing proper feedback from clinicians to device manufacturers.Keywords: ECG, electrocardiography, computer-assisted interpretation, diagnostics, diagnostic errors, arrhythmia
1 INTRODUCTION
A hundred years have passed since Willem Einthoven was awarded a Nobel Prize for demonstrating that an electrocardiogram (ECG) could record the electrical activity of the heart, and still the ECG remains one of the most important and useful diagnostic tests in medicine (Kashou et al., 2020). Recent advancements in computing power, wireless technology, digitized data availability, and machine learning have encouraged researchers to invent new methods of ECG evaluation, including artificial intelligence, which is a rapidly developing field of science (Kashou et al., 2020). Currently, many researchers and engineers are trying to improve the diagnostic accuracy of automatic ECG analysis and to develop a perfect tool with fully automated, unbiased and unambiguous ECG analysis (Kashou et al., 2020).
ECG is a non-invasive diagnostic technique often used by physicians worldwide to investigate the severity of numerous cardiovascular diseases, including coronary artery disease and myocardial infarction, as well as numerous arrhythmias. Moreover, it is also used in non-cardiological conditions and preparation for different types of surgical procedures (Surawicz et al., 2009).
Consequently, the ability to interpret ECG is a basic diagnostic skill for the assessment of changes occurring in the cardiac conduction system. Nowadays, devices that record ECG and automatically generate an analysis of the ECG curve, based on the measurements recorded, are an integral part of medical practice. Physicians of various specialties, including cardiologists, often rely on the interpretations provided by this type of device (Milliken et al., 1983; Brailer et al., 1997). Nevertheless, the risk of an incorrect diagnosis should be considered and the physician should reinterpret the ECG (Tsai et al., 2003).
The accuracy of ECG device analysis depends on the type of device and its software. Many algorithms have been designed to perform complex analysis based on digital differential potential recordings (Meyer et al., 2006). Different ECG devices demonstrate differences in the sensitivity of their measurements: the detection of heartbeats and their classification, the analysis of the ECG series, the determination of wave boundaries and the corresponding intervals and further processing, including contour analysis by measuring at specific points in the signal and thus assessing whether any pathologies are present. Therefore, the frequency of misinterpretations concerning single and multiple abnormalities, including arrhythmias and conduction disturbances, is the subject of numerous studies (Guglin and Thatai, 2006).
The study aimed to determine the frequency of misinterpretations made by automated ECG analysis, both false-positive and false-negative diagnoses, to analyze the causes of the mistakes, as well as to identify the factors that cause a particular error to occur more frequently.
2 MATERIALS AND METHODS
A total of 526 people were enrolled in the study (216 males and 310 females). The mean age was 57.6 ± 16.4 years, mean weight 78.09 ± 17.32 kg, mean height 167.77 ± 8.84 cm, and mean Body Mass Index (BMI) 27.7 ± 5.2. Adults who reported various cardiovascular complaints were included in the study after giving their informed consent. Table 1 shows the characteristics of the study group.
TABLE 1 | Characteristics of the studied group.
[image: Table 1]In all participants in the study, a 12-lead resting electrocardiogram with automatic interpretation was performed using the Cardioexpress SL12 device (Spacelabs Healthcare), which is used in clinics and tertiary-level hospitals as well as in scientific centers, and is characterized by clinical accuracy and advanced data analysis. The automatically generated ECG recordings were then interpreted manually, which was used as a basis for categorizing individual interpretations as correct or incorrect.
The ECGs were initially interpreted by medical students associated with the Students’ Scientific Association of Pathophysiology of the Cardiovascular System “Vide Cor Meum.” Students were selected from the group interested in cardiology and electrocardiography and additionally, before entering the project, they were specially trained by cardiologists participating in the study on how to base on the recommendations of the Section of Noninvasive Electrocardiology and Telemedicine of the Polish Cardiac Society (Baranowski et al., 2016a; Baranowski et al., 2016b; Baranowski et al., 2010). In the next step, electrocardiogram interpretations were verified by two cardiologists and the assessments were performed independently and blinded to the automatic interpretation. In case of discrepancies in interpretation, they were resolved by consensus. Incorrect interpretations were divided into overinterpretation or failure to recognize abnormalities in the ECG curve.
In order to establish inter-rater reliability between student and cardiologist interpretation, we performed the post hoc analysis of the randomly selected 30 electrocardiograms from the present study and the kappa score was found to be 0,8, which shows a strong level of agreement.
In addition, a self-designed questionnaire was carried out on all study participants. The questionnaire included questions about chronic and past diseases, family history, risk factors for cardiovascular disease (dietary habits, physical activity, smoking, consumption of alcohol and coffee), and use of medication (including analgesics). Written informed consent was obtained from all volunteers taking part in the study. The study was approved by the Local Ethics Committee, No. KB–262/2017.
Statistical analysis of the obtained material was performed using Statistica 13.3 software (StatSoft, Poland). Data distribution was checked with the Lilliefors test. The chi-square test was used to verify the statistical significance of qualitative variables, whereas the non-parametric Mann–Whitney U test was used to assess quantitative variables not characterized by normal distribution. The level of statistical significance was defined at p < 0.05.
3 RESULTS
The number of correctly interpreted electrocardiograms (ECGs) was 319 (60.5%), while 208 (39.5%) ECG records were incorrectly interpreted, of which 82 in men (38.4% of all men) and 125 in women (40.2% of all women).
In the 193 abnormally interpreted ECGs, we specified the type of abnormal description - failure to recognize pathology in the presence of existing changes in cardiac electrical function (112 records – 58.0% – false-negative result) and recognition of pathology without actual changes in cardiac electrical function (111 records – 57.5% – false-positive result), and then we categorized them into five groups:
• Ischemic features–ST-segment elevation, ST-segment depression (measured at J-point), T-wave changes, occurring in at least two leads;
• Arrhythmia–bradycardia, tachycardia, premature ventricular contraction (PVC), atrial fibrillation (AF), premature supraventricular contraction (PSVC), atrial or ventricular pacing;
• Conduction disturbances–sinoatrial block (SA block), first-degree atrioventricular block (AV I block), second-degree atrioventricular block (AV II block), right bundle branch block (RBBB), left bundle branch block (LBBB), left anterior hemiblock (LAH);
• Hypertrophic heart chambers–ECG signs of atrial or ventricular overload;
• Other–e.g., refraction voltages, cardiac axis.
Table 2 presents types of misinterpreted abnormalities seen in ECGs divided into false-positive and false-negative diagnoses.
TABLE 2 | Types of misinterpreted abnormalities seen in electrocardiograms divided into false-positive and false-negative diagnoses.
[image: Table 2]The incorrect diagnosis of ischemic features correlated with the BMI of the subjects. In this group BMI was significantly higher (mean: 29.76 ± 5.48, median: 30.1) than in case of other misdiagnosed or unrecognized pathologies (mean: 27.04 ± 5.22, median: 26.2). A similar correlation with BMI was found for failure to diagnose ischemic features and failure to diagnose hypertrophic heart chambers such as LVH (left ventricular hypertrophy) and LAE (left atrial enlargement). In the first case there was an association with significantly lower body weight (mean: 26.39 ± 5.11, median: 25.7) than for the other false interpretations (mean: 27.72 ± 5.37, median: 27). In contrast, for unrecognized cardiac chamber hypertrophy there was a correlation, as for falsely recognized ischemic features, with higher BMI (mean: 30.06 ± 5.13, median: 28.2).
Table 3 shows the frequency of incorrect interpretations of automated ECG evaluation regarding the gender category.
TABLE 3 | Frequency of incorrect interpretations of automated electrocardiogram evaluation regarding the gender category.
[image: Table 3]The patient’s gender had no statistically significant effect on the total frequency of errors in automatic ECG assessment (chi-square test with Yates correction p-value about 0.74, without Yates correction p-value about 0.67). The results of ECG interpretation by the device were statistically significantly impacted by the age of the subjects.
In Table 4 we present the frequency of incorrect interpretations of automated ECG evaluation in groups distinguished based on the criterion of ageing as defined by the World Health Organization (WHO).
TABLE 4 | Frequency of incorrect interpretations of automated electrocardiogram evaluation in groups distinguished based on the criterion of ageing as defined by the World Health Organization (WHO).
[image: Table 4]In groups divided by the median age and concerning the criterion of ageing, which the WHO defines as 60 years of age (<60 years of age, ≥60 years of age), there was a correlation between age and wrong diagnosis (p < 0.001, p < 0.001, respectively).
Table 5 shows the frequency of incorrect interpretations of automated ECG assessment in groups distinguished by median age.
TABLE 5 | Frequency of incorrect interpretations of automated electrocardiogram assessment in groups distinguished by median age.
[image: Table 5]In individual groups, the frequency of abnormalities was as follows: <Me–32.56%, >Me–46.10%, <60 years old–31.73%, ≥60 years old–46.40%.
Table 6 presents the frequency of errors in the automated analysis of ECGs concerning the BMI criterion.
TABLE 6 | Frequency of errors in the automated analysis of electrocardiograms with regards to the Body Mass Index (BMI) criterion.
[image: Table 6]The subject’s BMI was not significant in the total frequency of errors made by the ECG device during analysis (p = 0.47). The percentage of incorrect ECG interpretations in the groups separated by BMI was as follows: underweight subjects (BMI < 18.5) – 50%, normal weight subjects (18.5 ≤ BMI > 25) – 41.82%, overweight subjects (25 ≤ BMI > 30) – 39.53%, obese subjects (BMI ≥ 30) – 36.17%. ANOVA test showed no statistically significant difference in the frequency of device errors between groups (p = 0.77).
Figures 1–5 present a sample of ECGs incorrectly interpreted by the device. There are cases of pathologies commonly identified by clinicians. In Figure 1, we identified the dual-chamber pacing with a dual response (DDD) stimulation interpreted as atrial fibrillation and RBBB, so in this case, we have both overinterpretation and failure of recognition. A similar situation is presented in Figure 2, where we found the lack of atrial fibrillation diagnosis and at the same time overinterpretation with type 1 and 2 atrioventricular block. In Figure 3, the situation is presented where, instead of DDD pacing, LBBB and the atrial rhythm were proposed. Moreover, in Figure 4, the compensatory pause after premature ventricular beats was overinterpreted as atrioventricular Mobitz type II block. Finally, in Figure 5, we again identified the lack of proper diagnosis of the first-degree atrioventricular block, together with the overinterpretation of atrial fibrillation.
[image: Figure 1]FIGURE 1 | Example of incorrect interpretation by the device: Male, 85 years old. The rhythm was described as atrial flutter with a complete right bundle branch block (25 mm/s, 10 mm/mV). The real diagnosis is dual chamber pacing.
[image: Figure 2]FIGURE 2 | Example of incorrect interpretation by the device: Female, 70 years old. Coarse atrial fibrillation described by the device as sinus rhythm with first-degree atrioventricular block, Mobitz type I second-degree atrioventricular block (Wenckebach) and premature ventricular beats (25 mm/s, 10 mm/mV).
[image: Figure 3]FIGURE 3 | Example of incorrect interpretation by the device: Male, 69 years old. Stimulated rhythm described by the device as complete left bundle branch block and suspected left atrial rhythm (25 mm/s, 10 mm/mV).
[image: Figure 4]FIGURE 4 | Example of incorrect interpretation by the device: Male, 57 years old. Premature ventricular beats were correctly described by the machine, but the subsequent compensatory pause was interpreted as Mobitz type II second-degree atrioventricular block AV and intraventricular conduction block (25 mm/s, 10 mm/mV).
[image: Figure 5]FIGURE 5 | Example of incorrect interpretation by the device: Male, 78 years old. First-degree atrioventricular block described by the device as atrial fibrillation with intraventricular conduction block (25 mm/s, 10 mm/mV).
4 DISCUSSION
ECG is one of the most important tests for the initial diagnosis of myocardial infarction by analyzing ST-segment elevation or depression and assessment of T-waves. It is also used to diagnose arrhythmias and sometimes to assess the function of implantable devices such as pacemakers and implantable cardioverter-defibrillators (ICDs). For example, the detection of abnormalities in the ECG is not synonymous with the diagnosis of a recent myocardial infarction, although, in combination with typical symptoms, the patient’s history and comparison with previous ECGs can provide an important indication for further diagnosis and treatment. In addition to the analysis of the ECG, the knowledge and experience of the clinician are crucial.
The analysis of ECG findings made by automated diagnostic devices for the presence of ST-elevation myocardial infarction (STEMI), depending on the type of algorithm used, showed that incorrect diagnoses of STEMI were in a wide range. This range is from 0% to 42% of misinterpretations and from 22% to 42% for not interpreting ECG changes as significant, with the actual presence of features typical for ST-elevation myocardial infarction (Schläpfer and Wellens, 2017). In another publication (Guglin and Thatai, 2006), out of 206 records incorrectly interpreted by the device (out of 2,072), misdiagnoses of myocardial infarction and ischemic features accounted for a total of 7.8% (16 cases). Misdiagnosed ischemia was interpreted in 4 ECGs, all of which were false positives. In addition, the device made errors in the assessment of past myocardial infarctions, not detecting four of them and incorrectly interpreting nine of them. In both cases, this is a significant number of incorrect diagnoses.
In the analysis conducted by the authors of the present study, out of 193 incorrectly assessed ECG recordings, the percentage of incorrectly diagnosed ischemic features was 16.1% (n = 31), while for unrecognized ischemic features – 22.3% (n = 43). In the data reported, features of past myocardial infarctions were also included. Thus, the results obtained are within relatively wide error limits foreseen for this pathology. Taking into account the fact that device ECG analysis can not only simplify but also interfere with the diagnostic process, we should try to standardize ECG algorithms, improve software and clearly define diagnostic criteria for individual diseases. Cooperation between manufacturers of automated diagnostic devices and physicians is necessary, as well as continuous training of clinicians through active ECG training.
In our study, the total incorrect interpretations made by the device affected about 39% of cases, which gives us a glimpse of the scale on which we can be concerned about the incorrect analysis suggested by the ECG device. In other studies, the majority of abnormal false-positive diagnoses for features of myocardial ischemia occurred in people with higher BMI, and as it is known that obesity can change the appearance of the waves in the ECG, low body weight can also have such an effect (Fraley et al., 2005; Kurisu et al., 2018). However, when the authors divided the participants into groups according to BMI, no correlation was found between errors made by the device and BMI. The mentioned correlation was observed in the division into age groups, where the number of errors in the automatic description was higher in the group of older people. In our study, BMI was also not significantly connected with the total frequency of errors made by the ECG device, even though the number of errors varied between the BMI subgroups.
By suggesting a diagnosis, especially to young, inexperienced physicians, automated diagnostic technologies can result in inappropriate management of an otherwise healthy patient and referral to unnecessary and dangerous treatment.
A significant problem of device-based ECG analysis is also the lack of inclusion of more challenging abnormalities that require assessment by an experienced physician. The analysis performed by ECG devices also does not provide reliable data that would help indicate the site of myocardial ischemia. In most cases, the algorithms make an incorrect assessment of the ST segment and thus the presence or absence of features suggesting infarction or unstable angina due to numerous artifacts in the ECG recording. Another problem is the presence of ST-segment elevation or ST-segment depression for reasons other than myocardial infarction or ischemia, e.g., due to early repolarisation syndrome (ERS) (Schläpfer and Wellens, 2017), cardiac hypertrophy, electrolyte changes, other non-specific causes, etc. (Petrov et al., 2012; Birnbaum and Alam, 2014; Ali et al., 2011).
An important factor impacting further clinical decisions, e.g., in acute coronary syndromes, is time, as prolongation of time may be associated with higher patient mortality, especially in patients belonging to high-risk groups and in those brought to the hospital within 3 h since the first symptoms of ischemia (Larson and Henry, 2008). It is known that time has a significant impact on the outcome of treatment in patients with STEMI myocardial infarction. According to American Heart Association (AHA) guidelines (Collet et al., 2021), it is recommended that it should be as short as possible period (10 min) from the analysis of the initial ECG to the decision to treat. It is important to take into account previous ECG recordings as well as the evolution of ST-segment changes (Larson et al., 2007). Automated ECG analysis may not differentiate ST-segment elevation from early repolarization syndrome, pericarditis or Brugada syndrome. In one of the studies, of 19 ECGs in which the device diagnosed acute myocardial infarction, eight were correctly identified, while the remaining 11 were false positives. Of the false diagnoses, in three cases they were due to early repolarization (Guglin and Thatai, 2006). Even for experienced cardiologists, differentiating a mild form of early repolarization from an acute cardiac event is problematic. This is one of the more common causes of misdiagnosis of fresh myocardial infarction (Larson et al., 2007).
Our study did not include patients with a history of unstable angina, although it is known that sometimes patients may have silent angina–in such cases ST-segment changes analysis may be crucial and contribute to further management. In our study, over 22% of patients with ischemia in ECG were not diagnosed by the algorithm and the ischemia should be defined by ESC guidelines as ST segment depression measured at the J-point by at least 1 mm (−0.5) in two adjacent leads (Thygesen et al., 2019; Wagner et al., 2009). In our study, the device falsely reported ischemic features in 16% of patients–this occurs most frequently in patients with left ventricular hypertrophic changes, but also in younger patients, those training sports and in some cases for unknown reasons (Orlandi et al., 2020; Schocken, 2014; Agrawal et al., 2019).
Jayroe et al. (2009) highlighted in their study the significant impact of external factors on the clinician’s final ECG-based diagnosis. In this study, 116 ECGs containing ST-segment elevation were evaluated by 15 experts. At the same time, false information was provided about the presence of symptoms of acute coronary syndrome in all patients. Study participants were asked to select those records that warranted urgent referral of the patient for percutaneous coronary intervention (PCI). False-positive diagnoses accounted for 12% of the total. It is very possible that the combination of the time factor and the incorrect diagnosis suggested by automated diagnostic systems can be the source of many mistakes in further therapeutic management and the resulting financial and health consequences.
In our study, problems with the correct analysis of heart rhythm were in the third and fourth place in the classification of the frequency of errors in device ECG interpretation. We classified arrhythmia diagnoses by the occurrence of the following descriptions: bradycardia, premature ventricular or supraventricular beats, AF, and additional ventricular and atrial pacing.
Incorrect interpretation of the recordings with the present pacing concerned 5 ECGs and included: misdiagnosis of sinus rhythm with the presence of paced rhythm (DDI (dual-chamber pacing, dual-chamber sensing, inhibited response) mode), misdiagnosis of atrial pacing as atrial flutter, failure to recognize ventricular pacing despite visible pacing peaks, and in two cases misclassification of ventricular pacing as premature ventricular beats. This is one of the most frequent errors according to other authors (Schläpfer and Wellens, 2017; Bae et al., 2012; Smulyan, 2019). In another study (Shah and Rubin, 2007), sinus rhythm was correctly identified in 95% of cases (1,666 correct interpretations out of 1,753 ECGs in which this rhythm was present). According to some authors, AF is the predominant overdiagnosed pathology (Schläpfer and Wellens, 2017; Bae et al., 2012; Bogun et al., 2004). In a study (Bae et al., 2012) including 1,057 ECGs, the device overinterpreted AF in 98 cases and misdiagnosed AF in 119 cases, representing 11.3% and 9.3% of the total number of ECGs analyzed respectively. Particular difficulties occur when bradycardia, tachycardia or artifacts are present because in these cases artifacts may be taken as waves in ECG or sometimes T waves are recognized as QRS complexes making the rhythm rate double. These mistakes are observed in everyday practice as well as in our analysis. Other abnormalities resulting in incorrect AF assessment also include the presence of ventricular pacing and atrial premature beats (Guzman et al., 2020). All of the previously mentioned disorders significantly reduce the chance of an accurate diagnosis of AF, which will mean a delay in the implementation of anticoagulant treatment. Inappropriate therapeutic management may result in an increased risk of stroke if AF is not diagnosed or an increased risk of bleeding associated with inappropriate implementation of anticoagulants when AF is overdiagnosed (Schläpfer and Wellens, 2017; Bae et al., 2012). Also, atrial premature beats are described as the most frequently overdiagnosed arrhythmia. Other frequently overdiagnosed rhythm disorders include premature ventricular beats and atrial flutter (Guglin and Thatai, 2006). In our study, incorrectly diagnosed arrhythmias were, as mentioned before, ranked in third place (41 ECGs – 28%).
In fourth place in our analysis is the failure to diagnose the arrhythmia (17.1% of cases of misdiagnosis by device). According to other researchers, this situation occurs relatively often (Guglin and Thatai, 2006; Shah and Rubin, 2007). Difficulties occur in the case of non-sinus rhythms, bradycardia, tachycardia and artifacts (Bae et al., 2012; Shah and Rubin, 2007). Another possibility is that incorrect pathology is diagnosed–supraventricular or sinus tachycardia instead of AF. In 119 cases out of 1,057 ECGs the device diagnosed sinus tachycardia or supraventricular tachycardia instead of AF (Bae et al., 2012).
Our study revealed a significant frequency of device errors in the assessment of conduction disturbances. Guglin et al.’s study (Guglin and Thatai, 2006) revealed that 86.4% of all conduction disturbances assessment errors were misdiagnosis and misinterpretation of arrhythmias and difficulties in the assessment of patients with a pacemaker. However, in our study, the device incorrectly interpreted conduction disturbances in 36.3% of cases and pacemaker analysis was performed separately. Conduction disturbances included: sinoatrial blocks, atrioventricular blocks, RBBB, LBBB, and LAH. Moreover, our study revealed that misdiagnosed/overdiagnosed conduction disturbances ranked 2nd (42 ECGs – 21.8%), just behind the failure to diagnose ischemia (43 ECGs – 22.3%). According to data presented by Garcia et al. (1981), the sensitivity of conduction disturbance detection by the analyzed algorithm (IBM-Bonner-2) was 93.4%. The most frequently overdiagnosed conduction disturbances are AV I block (6 ECGs), AV II block (6 ECGs), RBBB (4 ECGs), and LBBB (3 ECGs) (Guglin and Thatai, 2006).
In sixth place are unrecognized conduction disturbances (28 ECGs – 14.5%). This is a less common error than the misdiagnosis of conduction disturbances where they are not present. A similar view is expressed by other researchers (Guglin and Thatai, 2006), in whose study the following data can be found: false-positives were found in 19 ECGs (6.5%) and false-negatives in 14 ECGs (4.8%). The group of most frequently unrecognized pathologies included: RBBB (8 ECGs), LBBB (3 ECGs) and AV I block. In a study by other authors (Garcia et al., 1981), the specificity of detecting conduction disturbances was 98.7%, which, in their opinion, was a less frequent error than overdiagnosis of conduction disturbances.
It is important to evaluate the impact of errors in device-based ECG interpretation on further patient treatment. Most authors claim that the physician should confirm the device interpretation because otherwise the patient is exposed to inappropriate treatment and delay in the implementation of effective therapy and the hospital is exposed to additional and unnecessary costs (Bae et al., 2012; Smulyan, 2019; Shah and Rubin, 2007). One of the reasons for the misinterpretations is believed to be the inability of the computer to consider the patient’s clinical condition (Smulyan, 2019). Some authors present the view that physicians should analyze only those ECGs that the device has classified as abnormal. This would make their work much easier and spare time required for ECG interpretation (Hughes et al., 2017). However, this increases the risk of a wrong interpretation. It has been revealed that if a non-cardiology resident has access to a device interpretation that is correct, they are more likely to make an accurate diagnosis, whereas if it is incorrect, the risk of error increases (Tsai et al., 2003). The device interprets ECGs with minor abnormalities more accurately than physicians, but more often makes errors in the analysis of ECGs that are clinically significant (Snyder et al., 2003). It is necessary to continuously educate physicians on ECG interpretation and factors causing the device to misdiagnose (Schläpfer and Wellens, 2017; Bae et al., 2012; Bogun et al., 2004). The use of device-based ECG evaluation is now recommended, although, then the reinterpretation carried out by a physician is required (Smulyan, 2019). It is possible that the more advanced signal analysis techniques could be relevant for future algorithm development.
Future perspectives of this study include two important directions: one for clinicians and the second for manufacturers connected with the creation of software for ECG recorders. Summarizing the results of the present study, when using the automatic ECG analysis, physicians should be conscious of the problem of a lack of full reliance, and in our study, only 60% of electrocardiograms were identified correctly. Out of the incorrectly analyzed ECGs, clinicians may encounter false negative and false positive diagnoses, and in selected cases, even both situations in one ECG, which we presented in the examples in Figures 1–5. We assume that in the next years, new studies should be carried out, including AI-based algorithms, which are now slowly being adopted by manufacturers in new generations of ECG recorders. At the moment physicians using in their practice automated analysis should be aware of the common types of ECG misdiagnoses and they include: 1. Ischemic features misinterpretations (ST elevations/depressions, T wave changes), 2. Arrhythmias misidentifications (bradyarrhythmias, tachyarrhythmias, premature contractions misanalysis), 3. Conduction disturbances (false positive or negative diagnosis), 4. Hypertrophic and overload ECG changes misinterpretations, and 5. Other changes, including pacing analysis problems, mistakes due to high/low voltages and axis misinterpretations. Secondly, the message for manufacturers is also of great importance. Applying more and more advanced novel algorithms makes engineers, IT specialists and physicists less sensitive to the proper feedback from clinicians and simultaneously less open to criticism. It is possible that applying AI may improve the automated analysis in ECG recorders, however, this change follows rather slowly.
The limitation of our study is an analysis of automatic ECG interpretations made by a single device from a particular manufacturer with a single algorithm. Due to this fact, it was impossible to make a comparison of other devices available on the market with separate algorithms in terms of efficiency. Another limitation is that certain comorbidities, including previous myocardial infarction, could have been associated with higher rates of false readings. However, we did not carry out the analysis because the number of patients with selected conditions was relatively low, and it would not be representative. Additionally, the adjustments for multiple comparisons in selected subgroups were not performed, which may increase the probability of type 1 error.
Future studies are required in which similar algorithms used by different manufacturers would be compared on a large patient population.
The data that support the findings of this study are available on request from the corresponding author. The data are not publicly available due to restrictions, e.g., their containing information that could compromise the privacy of research participants.
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