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Abstract: Electrocardiographic (ECG) R-peak detection is essential for every sensor-based cardiovas-
cular health monitoring system. To validate R-peak detectors, comparing the predicted results with
reference annotations is crucial. This comparison is typically performed using tools provided by the
waveform database (WFDB) or custom methods. However, many studies fail to provide detailed
information on the validation process. The literature also highlights inconsistencies in reporting
window size, a crucial parameter used to compare predictions with expert annotations to distinguish
false peaks from the true R-peak. Additionally, there is also a need for uniformity in reporting the
total number of beats for individual or collective records of the widely used MIT-BIH arrhythmia
database. Thus, we aim to review validation methods of various R-peak detection methodologies
before their implementation in real time. This review discusses the impact of non-beat annotations
when using a custom validation method, allowable window tolerance, the effects of window size
deviations, and implications of varying numbers of beats and skipping segments on ECG testing,
providing a comprehensive guide for researchers. Addressing these validation gaps is critical as they
can significantly affect validatory outcomes. Finally, the conclusion section proposes a structured
concept as a future approach, a guide to integrate WFDB R-peak validation tools for testing any
QRS annotated ECG database. Overall, this review underscores the importance of complete trans-
parency in reporting testing procedures, which prevents misleading assessments of R-peak detection
algorithms and enables fair methodological comparison.

Keywords: arrhythmia; MIT-BIH dataset; R-peak detection; WFDB; R-peak validation

1. Introduction

Cardiac health is one of the most critical issues in modern times. Every year, millions
of people die from various cardiovascular diseases (CVDs) [1]. Early diagnosis of CVDs
through electrocardiography (ECG) can significantly reduce mortality rates, as timely
intervention allows more effective cardiological treatments [2]. Therefore, numerous
studies are conducted, and many sensor-based ECG processing devices are proposed.
The accuracy of these electronic devices depends on the precision of the R-peak detectors.
The detection is usually performed using real-time ECG signal acquisition. The process
typically involves monitoring and measuring heart activity for a certain period by placing
electrodes in different combinations at specific points on the human body [3] and then
applying a peak detection algorithm to it. However, this is only possible if the algorithm is
previously validated on publicly available ECG datasets.

The publicly available ECG datasets can be categorized into two groups. The first
group consists of general datasets that cover a wide range of clinical real-life conditions,
including different ECG noises and various heart arrhythmic anomalies. Examples of
these include the MIT-BIH arrhythmia dataset [4], QT database (QTDB) [5], Physikalisch-
Technische Bundesanstalt eXtended (PTB-XL) diagnostic database [6], and St. Petersburg
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Institute of Cardiological Technics (INCART) database [7]. The second group consists of
specific datasets dedicated to addressing certain noisy conditions or a particular arrhythmic
heart anomalies, such as the MIT-BIH Noise Stress Test database (NSTDB) [8], European ST-
T database [9], and Long-Term Atrial Fibrillation database [10]. The MIT-BIH arrhythmia
database is the benchmark for evaluating R-peak detectors before applying methodologies
to real-time sensor-based ECG devices [11,12]. This is due to its historical significance as the
first publicly available dataset designed for arrhythmia analysis, featuring diverse cardiac
abnormalities, clinical noise, and artifacts. It is a widely adopted dataset by researchers
for comparison with earlier studies. This dataset is also well-organized and comes with
dedicated tools to simplify its processing.

Each recording in these datasets consists of multiple ECG signals, including compo-
nents like the P-wave, QRS complex, and T-wave, which offer valuable insights into the
heart’s electrical activity and overall health condition [13]. CVDs, especially arrhythmic
pathologies, are analyzed by detecting R-peaks within QRS complexes [14,15]. R-peaks are
important for arrhythmia detection and analysis for several reasons. First, they are the gold
standard for calculating heart rate, measured by the time interval between consecutive
R-peaks (RR intervals) [16,17]. Since arrhythmias often involve irregular heart rhythms,
detecting R-peaks enables precise measurement of these fluctuations, whether too fast or
too slow [18]. Second, R-peaks mark ventricular depolarization, a key phase of the cardiac
cycle. Their timing and shape, in relation to other ECG components (P-wave, T-wave),
help diagnose arrhythmic pathologies and assess their effect on heart function [19]. Third,
R-peaks are crucial for arrhythmia classification, as specific RR interval patterns are key to
distinguishing different arrhythmias [20]. For example, atrial fibrillation shows irregular
RR intervals, while ventricular tachycardia presents rapid, repetitive R-peaks [21,22]. There-
fore, accurate R-peak detection is vital for properly classifying these conditions. Once these
R-peaks are detected while developing a detection algorithm, the next step is to validate
them by comparing the results with reference annotations using the window concept. This
validation can be performed using tools provided by the waveform database (WFDB) or by
developing a custom testing methodology. WFDB tools, version 0.10.0 include beat-by-beat
(bxb) [23], run-by-run (rxr), measurement-by-measurement (mxm), event processing in-
terface comparator (epic), and annotation to RR interval (ann2rr) [24,25] comparators, all
of which comply with the American National Standards Institute (ANSI)/Association for
the Advancement of Medical Instrumentation (AAMI) protocols for testing ECG-derived
results [26]. Despite the availability of these standardized tools, our review identifies sev-
eral gaps and inconsistencies in the literature as shown in Figure 1, regarding the validation
of predicted R-peaks.

Appl. Sci. 2024, 14, 10078 2 of 18 
 

Technische Bundesanstalt eXtended (PTB-XL) diagnostic database [6], and St. Petersburg 
Institute of Cardiological Technics (INCART) database [7]. The second group consists of 
specific datasets dedicated to addressing certain noisy conditions or a particular arrhyth-
mic heart anomalies, such as the MIT-BIH Noise Stress Test database (NSTDB) [8], Euro-
pean ST-T database [9], and Long-Term Atrial Fibrillation database [10]. The MIT-BIH ar-
rhythmia database is the benchmark for evaluating R-peak detectors before applying 
methodologies to real-time sensor-based ECG devices [11,12]. This is due to its historical 
significance as the first publicly available dataset designed for arrhythmia analysis, fea-
turing diverse cardiac abnormalities, clinical noise, and artifacts. It is a widely adopted 
dataset by researchers for comparison with earlier studies. This dataset is also well-orga-
nized and comes with dedicated tools to simplify its processing. 

Each recording in these datasets consists of multiple ECG signals, including compo-
nents like the P-wave, QRS complex, and T-wave, which offer valuable insights into the 
heart’s electrical activity and overall health condition [13]. CVDs, especially arrhythmic 
pathologies, are analyzed by detecting R-peaks within QRS complexes [14,15]. R-peaks 
are important for arrhythmia detection and analysis for several reasons. First, they are the 
gold standard for calculating heart rate, measured by the time interval between consecu-
tive R-peaks (RR intervals) [16,17]. Since arrhythmias often involve irregular heart 
rhythms, detecting R-peaks enables precise measurement of these fluctuations, whether 
too fast or too slow [18]. Second, R-peaks mark ventricular depolarization, a key phase of 
the cardiac cycle. Their timing and shape, in relation to other ECG components (P-wave, 
T-wave), help diagnose arrhythmic pathologies and assess their effect on heart function 
[19]. Third, R-peaks are crucial for arrhythmia classification, as specific RR interval pat-
terns are key to distinguishing different arrhythmias [20]. For example, atrial fibrillation 
shows irregular RR intervals, while ventricular tachycardia presents rapid, repetitive R-
peaks [21,22]. Therefore, accurate R-peak detection is vital for properly classifying these 
conditions. Once these R-peaks are detected while developing a detection algorithm, the 
next step is to validate them by comparing the results with reference annotations using 
the window concept. This validation can be performed using tools provided by the wave-
form database (WFDB) or by developing a custom testing methodology. WFDB tools, ver-
sion 0.10.0 include beat-by-beat (bxb) [23], run-by-run (rxr), measurement-by-measure-
ment (mxm), event processing interface comparator (epic), and annotation to RR interval 
(ann2rr) [24,25] comparators, all of which comply with the American National Standards 
Institute (ANSI)/Association for the Advancement of Medical Instrumentation (AAMI) 
protocols for testing ECG-derived results [26]. Despite the availability of these standard-
ized tools, our review identifies several gaps and inconsistencies in the literature as shown 
in Figure 1, regarding the validation of predicted R-peaks. 

 
Figure 1. Graphical representation of various discrepancies found in the literature. Figure 1. Graphical representation of various discrepancies found in the literature.



Appl. Sci. 2024, 14, 10078 3 of 18

Many studies fail to specify tools or custom validation methods used, and they often
lack detailed descriptions of their validation processes. While some studies mention the use
of a WFDB comparator, they do not provide sufficient details about its integration or the
parameters involved [24,25,27–30]. Additionally, several studies listed in Table 1 overlooked
the presence of annotated non-beats in the MIT-BIH arrhythmia dataset and failed to explain
how these beats were filtered when using custom validation methods. Discrepancies are
also found in the selection of validation window size, with some studies deviating from the
AAMI-sanctioned standard [28,31–34]. Although several studies have reported low false
positive (FP) and false negative (FN) metrics, they failed to specify the employed window
size [35–39]. Similarly, inconsistencies in reporting allowable window size tolerance [30]
and variations in reported total number of beats for individual or complete MIT-BIH
arrhythmia records were also identified [36,40–44]. Furthermore, many studies validate
algorithms on selected segments of individual records without specifying timestamps
or providing a rationale for it [45–48]. These gaps introduce uncertainty and confusion
regarding the reliability of the reported statistical outcomes, affecting methodological
comparability due to apparently misleading assessments of the detection algorithm’s
performance. Additionally, ambiguity in usage and integration of WFDB validation tools
is another issue when reviewing the PhysioNet database and available literature. For
instance, installation process and backend framework of the WFDB toolbox was extensively
discussed in ref. [49]. However, their manuscript lacks a practical guide for validation
variants to simultaneously test the entire dataset. On the other hand, implementation
details using bxb for individual record testing of the MIT-BIH database is mentioned in
ref. [31]. However, they did not explain all the parameters involved in the R-peak validation
process. This underscores the need for a narrative review that thoroughly details validation
methodologies for R-peak detectors, addresses the aforementioned discrepancies, and
explains their effect on R-peak validation statistics.

Table 1. Provided ECG testing details in literature for evaluating MIT-BIH arrhythmia dataset.

Literature R-Peak
Validation

MIT-BIH
Beats

Testing Format Window
Size (ms)

Statistical Metrics

FP FN Se (%) +P (%)

Mahmoodabadi et al. [24] Bxb 104,988 Selective NG NG NG 99.18 98.00
Mahmoodabadi et al. [25] Bxb 104,988 Selective NG NG NG 99.18 98.00
Doyen et al. [28] Bxb 109,494 Entire Record 50 3195 NG 87.48 89.39
Ledezma et al. [29] Bxb 91,285 Entire Record 150 295 267 NG NG
Bachi et al. [30] Bxb 109,494 Abnormal Beats 300 NG NG 94.81 NG
Zhu et al. [31] Bxb 109,401 Entire Record 100 91 93 99.92 99.92
Qin et al. [32] NG 109,966 NG 50 561 668 99.39 99.49
Pandit et al. [33] NG 109,809 Entire Record 80 369 389 99.65 99.66
Kaur et al. [34] NG 109,498 Selective Records 100 55 54 99.95 99.94
Gupta et al. [35] NG 109,494 NG NG 39 49 99.96 99.96
Park et al. [36] NG 109,494 NG NG 99 79 99.93 99.91
Manikandan et al. [37] NG 109,496 NG NG 53 76 99.93 99.86
Kaur et al. [38] NG 109,494 Segment NG 76 53 99.93 99.95
Rakshit et al. [39] NG 109,474 NG NG 116 58 99.95 99.88
Afonso et al. [40] NG 91,314 Selective NG 406 374 99.59 99.56
Tompkins et al. [41] NG 116,137 NG NG 507 277 99.80 99.76
Varghese et al. [42] NG 109,021 NG NG 195 381 99.65 99.82
Yeh et al. [43] NG 116,137 NG NG 58 166 99.95 99.85
Chen et al. [44] NG 109,494 Entire Record 150 63 124 99.89 99.97
Tang at al. [45] NG 109,966 Entire Record NG 494 911 99.17 99.55
Ravanshad et al. [46] NG 109,428 Entire Record NG 1216 651 98.89 99.44
Elgendi et al. [47] NG 109,985 NG NG 82 247 99.78 99.92
Mondelo et al. [50] wxw NG Selective NG NG NG NG NG
Abdullah et al. [51] NG 109,494 Entire Record NG NG 59 NG NG
Modak et al. [52] NG 109,494 Entire Record NG 136 200 99.82 99.88
Rahul et al. [53] NG 109,494 NG NG 155 193 99.82 99.85
Saadi et al. [54] NG 91,285 NG NG NG NG 99.90 99.87
Hammad et al. [55] NG NG Segment NG NG NG 99.98 100
Li et al. [56] NG 109,497 Entire Record NG 138 67 99.94 99.87
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Table 1. Cont.

Literature R-Peak
Validation

MIT-BIH
Beats

Testing Format Window
Size (ms)

Statistical Metrics

FP FN Se (%) +P (%)

Burguera et al. [57] NG 109,985 Entire Record NG NG NG 97.93 98.84
Dohare et al. [58] NG 109,966 Entire Record NG 728 870 99.21 99.34
Banerjee et al. [59] NG 19,098 Selective Records NG 40 76 99.66 99.55
Pal et al. [60] NG 45,936 PVC, BBB NG 17 54 99.98 99.96
Ning et al. [61] NG 109,452 Segment NG 127 138 99.87 99.88
Gutiérrez-Rivas et al. [62] NG 109,949 Entire Record NG 289 502 99.54 99.73
Hossain et al. [63] NG 109,441 Segment NG 122 46 99.97 99.93
Yazdani et al. [64] NG 109,494 Entire Record NG 108 137 99.87 99.99
Sabor et al. [65] NG 109,494 Entire Record NG 104 126 99.89 99.91
Nayak et al. [66] NG 109,494 Entire Record NG 70 52 99.95 99.94
Hamilton et al. [67] NG 109,267 Selective NG 248 340 99.68 99.77
Zhang et al. [68] NG 109,510 Entire Record NG 204 213 99.81 99.80
Zidelmal et al. [69] NG 108,494 Selective NG 97 171 99.84 99.91
Yochum et al. [70] NG 109,491 Entire Record NG 574 160 99.85 99.85

This table examines the details of ECG testing in the literature, considering which R-peak validation tool was
utilized for ECG testing. It also explores testing formats, whether all records were tested collectively or individually
with sample exclusion, adherence to the AAMI standard for window size if applied, and the statistical metrics. It
also shows the variation in the reported number of total beats for the MIT-BIH arrhythmia dataset. BBB = Bundle
block branch beat, NG = Not given in the literature, PVC = Premature ventricular contraction.

This review is structured as follows: Section 2 highlights literature search methods to
provide a comprehensive overview of the search and evaluation strategy for the studies
included in this narrative review. Section 3 covers available R-peak validation tools and
their testing mechanism. Section 4 discusses the MIT-BIH dataset, window validation
concept, identified discrepancies in the literature, their impact on statistical outcomes, and
tolerance variations within a 0.15 s window. Section 5 addresses non-beat annotations and
studies that fail to specify validation methods. Section 6 highlights numeric discrepancies
in the literature regarding the individual or total number of beats for the MIT-BIH records
and issues related to selective segment testing. Section 7 introduces a structured concept
as a future prospect to provide a guide for integrating WFDB tools to simultaneously test,
generate validation statistics and errors reports, and visualize FP and FN. Finally, Section 8
presents the conclusions of the review.

2. Literature Search Methods

We perform a narrative review to highlight validation gaps in electrocardiographic
R-peak detection. Information on validation studies of R-peak detection algorithms and
recognized databases was analyzed to identify discrepancies by examining commonalities
and differences among the included studies. The review highlights discrepancies, key
conclusions, and future prospects.

The scientific literature search was performed using several databases (Scopus, Web of
Science). Specific terms such as ECG R-peak detection, ECG validation techniques, MIT-
BIH arrhythmia, WFDB tools, ECG window size, ECG window tolerance, false positive
ECG, false negative ECG, ECG statistics, and ECG validation tools were used in the search
query. The search was not restricted by a particular time period but was limited to English-
language articles. To determine if a study met the inclusion criteria for this review, two
reviewers independently screened each record, and a third reviewer double-checked the
results for accuracy and fairness. No automation tools were used in the screening process.

The search provides a substantial number of peer-reviewed research articles and
conference papers relevant to R-peak detection validation. After removing duplicates and
excluding papers that did not meet the eligibility criteria, the remaining articles were further
processed. Each study was analyzed for R-peak validation method, beat numbers, testing
format, window size, and statistical metrics, and the findings were tabulated to ensure key
aspects of ECG validation methods were addressed. The gathered information was then
classified from different perspectives: adopted validation methodologies (custom methods),
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use of WFDB tools to validate R-peaks, mention of window size parameters, numeric
discrepancies in beat reporting, and methodologies that reported only validation metrics.

3. Tools for R-Peak Validation

Accurate validation of detected R-peaks with reference annotations is a crucial step for
developing a reliable detection algorithm. However, the literature usually does not provide
detailed descriptions on the contextual variables for the employed validation methodolo-
gies, making it difficult to replicate the exact conditions for testing and conducting a fair
comparison of peak detection results. To address this issue, standard systems and bench-
marks were established by ANSI/AAMI to ensure transparency and consistent testing
conditions. Various tools have been established to facilitate the R-peak validation process,
many of which are part of the waveform database (WFDB) software package, version 0.10.0
available on PhysioNet [23]. Below, we discuss these tools and their testing mechanisms.

Beat-by-beat (bxb): The bxb tool is a utility comparator of the WFDB software package
available on PhysioNet [23]. This tool complies with the EC57-2012 standards for ECG R-
peak validation [71,72]. The testing mechanism of bxb starts with taking a predicted sample
file generated by a custom peak detection algorithm and creates corresponding annotations
using the writing annotation (WRANN) function. After running a peak detection algorithm
on an ECG signal, a list of predicted R-peak locations, typically represented as time instances
or sample numbers, is obtained. These predictions are formatted into a text file, with each
line containing the sample location for the detected R-peak. WRANN reads this input file
and generates a corresponding predicted annotation file in the WFDB format, similar to
the provided reference atr files with clinical annotation or beat types, aligning and labeling
the predicted sample or time location with a user-defined symbol [73]. This symbol can
be any letter and does not need to follow the AAMI beat notations, as the focus is solely
on detection validation not classification, meaning only the predicted time locations are
required. This predicted annotation file can then be used with WFDB validation tools
to quantitatively assess the performance of the detection algorithm in comparison with
reference annotations using a comparison window size of 0.15 s or 150 ms [74]. To handle
non-beats or segments of the ECG without real annotated R-peaks, bxb uses a shutdown and
resume function. It pauses the comparison process during noisy segments or annotated non-
beats and resumes when those segments end, ensuring that noise and non-beat annotations
do not affect validation statistics [75]. The bxb program generates various performance
reports, including summaries of annotation discrepancies and statistics on RR interval
errors, false positives, and missed beats. It also offers options to generate condensed reports,
verbose output for mismatches, and labeled error files, allowing developers to thoroughly
evaluate their detection algorithms.
Run-by-run (rxr): The rxr tool is another WFDB comparator that aligns and compares
annotation files from reference and predicted samples within a 0.15 s window [76]. This tool
was primarily designed to compare RR intervals but can be used to evaluate the accuracy of
automated algorithms for detecting R-waves. It mainly reports statistics such as mean error
and standard deviation. For segments other than actual beats, it uses a similar concept of
shutdown and resume like bxb.
Measurement-by-measurement (mxm): The mxm tool is another validation tool of WFDB,
used to validate heart rate measurements from multichannel ECG. It starts comparison
after the first 5 min of a given recording to allow the signal to stabilize and minimize the
impact of initial artifacts and noise [77]. Marsili et al. applied a similar concept with bxb to
validate atrial fibrillation [27]. For each test measurement, mxm calculates the error relative
to the closest reference measurement, reporting normalized or unnormalized root mean
square (RMS) errors.
Event processing interface comparator (epic): The epic tool compares episodes of arrhyth-
mias and ischemic events, such as ventricular or atrial fibrillation, flutters, and ischemic ST
episodes, assigning weight on the basis of episode length or duration. The tool then uses
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weights in comparison to reference annotated markings to assess the overlap, which must
be at least 50% [78].
Annotation to RR interval (aa2rr): Another tool, ann2rr, can also validate peak predictions [79].
It primarily extracts RR intervals by converting annotations into interval lists and compar-
ing them with reference markings. However, other options are available for customization,
such as specifying time intervals to analyze, filtering event type, or handling specific for-
mats. The tool is useful in analyzing heart rate variability or detecting irregularities in
heartbeat timing.

These are some of the validation tools provided by WFDB based on the ECG test-
ing guidelines by ANSI/AAMI, which can be modified and incorporated into detection
methodologies to verify predicted R-peaks. Some authors have also proposed their meth-
ods to make the validation process more effective. An example of this is wave-by-wave
(wxw), a QRS delineation percentage comparator proposed by [50]. It distributes the ECG
into its components like P-wave, QRS-wave, and T-wave and then compares them with
expert annotations using specific scoring rules. It requires precise determination of wave
positions, including onset and offset, to improve diagnostic accuracy.

Compared to the other tools, bxb is more often used for ECG R-peak validation because
it was specifically designed to compare predicted and reference annotation markings
beat-by-beat [80], as shown in Figure 2. However, due to scattered and unclear information
regarding these tools within the PhysioNet database, and lack of comprehensive guidance in
the available literature, a detailed guide is needed to integrate WFDB tools and implement
additional validation pipelines (series of steps or processes). These pipelines include tool
integration, simultaneous testing of all records, generation of validation statistics, error
reports, extraction of FP and FN, and their accurate visualization in the reference signal [23].
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4. WFDB Window-Based Evaluation

The MIT-BIH arrythmia database is a publicly available database from the Mas-
sachusetts Institute of Technology–Beth Israel Hospital (MIT-BIH) comprising ECG record-
ings with supervised expert annotations. This dataset consists of 48 dual-channeled record-
ings, each 30 min long, sampled at 360 Hz with variables like artifacts, wave shapes,
morphologically altered beat types, and extreme noises. Each recording is accompanied
by a reference annotation (atr) file created by cardiovascular experts and used as the gold
standard to evaluate R-peak detectors. The annotation consists of two key aspects for each
ECG signal: the precise marking of the R-peak location and the labeling of any related
arrhythmic anomalies, such as left or right bundle branch block beats, atrial premature
beats, premature ventricular contractions, ventricular escape beats, and others. These
anomalies are labeled according to the categories established by the ANSI/AAMI [4]. Each
label consists of a single letter, such as “L” for left bundle branch block beat, “R” for right
bundle branch block beat, “A” for atrial premature beat, “V” for premature ventricular
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contraction, and “e” for ventricular escape beat. These labels or beat types can then be
used for classification purposes after detection, as they help in classifying key events and
particular shapes and features associated with different cardiovascular conditions in the
physiological signals.

The primary purpose of R-peak detectors is to predict R-peak time location. The
window concept is essential for evaluating time location and is considered the foundation
of all WFDB tools. It plays a critical role in validating the robustness of every R-peak
detection methodology. It allows for the comparison of WRANN-generated annotations
(based on predicted peaks) with manually edited reference annotations marked by a
cardiologist, using the benchmark window size of 0.15 s [81]. This helps distinguish false
peaks from true R-peaks. Using this standard, two R-waves are considered matching if their
labels are, at most, 0.15 s apart [82]. This precise comparison ensures not only the accurate
diagnosis of arrhythmia but also can be used for applications like heart rate variability
(HRV) [16], fetal heart rate monitoring (fHRM) [83], and biometric recognition [84].

4.1. SUMSTAT Measured Statistical Metrics

The summary statistics (SUMSTAT) metrics are the derived aggregate statistics from
bxb, rxr, etc. using the comparable window concept that can be categorized mainly into
three groups: true positives (TPs), false positives (FPs), and false negatives (FNs). The
SUMSTAT function counts each of these statistical parameter for every record to generate a
report file [32,51,52,85]. These parameters are defined as follows:

TP: If the predicted sample falls within the 150 ms window.
FP: If the predicted sample falls outside the 150 ms window.
FN: If the predicted sample does not fall within the 150 ms window.
Figure 3 illustrates the basic working of the window and how metrics like TP, FP, and

FN are measured. We can also use other metrics to evaluate the detector based on TP, FP,
and FN. These metrics are positive predictability (+P), accuracy (Acc), and the detection
error rate (DER) [36,86,87]. Each of these evaluation metrics is defined as follows:
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Positive predictability: It quantifies the algorithm’s ability to differentiate true beats
and false beats, and it is defined as

+P =
TP

TP + FP
× 100% (1)

Sensitivity: It measures the algorithm’s ability to detect true beats accurately, and it is
defined as

Se =
TP

TP + FN
× 100% (2)

Accuracy: It represents the overall correctness of the algorithm, and it is defined as

Acc =
TP

TP + FP + FN
× 100% (3)
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Detection error rate (DER): It helps evaluate the detection algorithm’s performance.
It is important to note that a lower DER indicates better performance. It is defined as

DER =
FP + FN

TP
× 100% (4)

4.2. Discrepancies in the Selection of Window Size

The benchmark window size used for R-peak validation is 150 ms, as matching with
the exact location of the R-peak defined by the cardiologist is not essential as long as the
predicted sample falls within the QRS or, more precisely, the start and end of the R-wave [88].
The QRS complex represents ventricular depolarization, and the R-peak is the highest
standard point in ECG. Given the variability in the signal and adopted methodologies, slight
differences in timing are expected. So, a window of 150 ms is benchmarked by ANSI/AAMI
to cover the entire R-wave to ensure the accuracy of predicted R-peak validation without
compromising the overall clinical interpretation. This 150 ms window defines the maximum
absolute difference in annotations that can be considered a match. Suppose a predicted and
a reference annotation coincide within this span. In that case, the predicted beat is classified
as a legitimate peak, similar to those defined by medical experts [30,81,86,89]. AAMI defines
this standard to maintain consistent testing protocols across the numerous methodologies
proposed for R-peak detection. Reviewing the literature, we found manuscripts that employ
different window sizes or the same window size of 150 ms without providing a reason for
deviation from the standard. These manuscripts can be categorized as follows:

• Doyen et al. [28] and Pandit et al. [33] mentioned window sizes of 50 ms and 80 ms,
respectively. Zidelma et al. [90] and Kaur et al. [34] both mentioned a window size of
100 ms, smaller than the defined AAMI benchmark.

• Ledezma et al. [29] and Chen et al. [44] mentioned a window size of 150 ms.
• Bachi et al. [30] and Chen et al. [91] reported a window size of 300 ms, but they

did not specify whether this refers to a fixed window size of 0.30 s, a user-defined
parametric value for comparing predicted results to reference annotations, or simply
the total of ±150 ms tolerance (+150 ms and −150 ms) which is a benchmark window
size of 0.15 s. If they set the value of 0.30 s for comparison, this would represent
a significant deviation from the AAMI benchmark for comparing R-peak detection
results as the total becomes 600 ms. Similarly, Rincón et al. also reported a time
window of 320 ms [92] with similar ambiguity in their reporting.

These variations in comparable window size can lead to inconsistent evaluations and
misinterpretations of the detector’s effectiveness. To understand this, consider the case in
Figure 4a, from record 108 of the MIT-BIH database; suppose the R-peak detector picks
a non-peak and classifies it as an FP using the standard AAMI benchmark of a 150 ms
window. However, increasing the window size can transform this non-peak into a TP,
as shown in Figure 4a. Similarly, consider the case of record 203, as shown in Figure 4b.
The peaks in this record have obscured amplitudes, leading to more missed beats or FNs.
Suppose a non-peak is incorrectly picked by the detector initially, increasing the FP count
during validation. However, if the window size is widened to 300 ms for retesting, the same
FP would be reclassified as a TP, reducing the final FP and FN counts. These cases from the
MIT-BIH database illustrate how variations in window size can significantly impact the
statistical outcomes. Chauhan et al. [93] criticized the literature for using large window
sizes up to 320 ms, which exceed the maximum allowable tolerance of 150 ms. They
emphasized the need for greater transparency and adherence to standardized evaluation
protocols in ECG R-peak validation.
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Figure 4. Case-based analysis of window size and its effect on FPs/FNs. (a) presents case study 1 featuring
record 108 from the MIT-BIH dataset. (b) displays case study 2 with record 203 from the MIT-BIH
arrhythmia dataset. These cases are included to demonstrate how altering window size can affect FP
and FN counts.

4.3. Allowable Window Tolerance

Another issue observed in the literature is the ambiguity of the acceptable window
tolerance. Online WFDB documentations mention a window of 150 ms or 0.15 s without
specifying the acceptable ± tolerance range, whether it is ±75 ms [44] or ±150 ms [30], as
shown in Figure 5a. There is further confusion about whether the WFDB R-peak validation
tools use exact ±75, ±150 sample values or any other sample limits. Online resources
typically indicate a window size of 0.15 s, but R-peak validation is usually conducted on
samples. Therefore, the time unit must be converted first into samples as

Sample Size = 0.15 × Fs (5)

where Fs is the sampling frequency of the validated dataset. For the MIT-BIH arrhyth-
mia database with sampling frequency of 360 Hz, a ±150 ms window corresponds to
±54 samples, and a ±75 ms window corresponds to ±27 samples, as shown in Figure 5b.
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The actual allowable sample limit for the R-peak validation window is ±54 samples
or ±150 ms. To confirm this acceptable tolerance range, one can take the following steps:
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1: Choose a single reference sample value, for example, 550.
2: Calculate the predicted sample value by adding or subtracting 28 samples from the

reference sample value. In this case, subtract 28 samples from 550 to obtain the predicted
sample of 522.

3: When validating using WFDB tools with the AAMI benchmark window size of
0.15 s, it doubles the window size to cover the entire R-wave by uniformly distributing the
total size of 0.30 s on either side of the reference annotation.

4: During validation, check for FNs and FPs. If they are reported, the allowable
tolerance for the benchmark of 150 ms is ±75 ms or ±27 samples, as shown in Figure 6,
because our predicted sample exceeds the window size by ±1 sample. If FNs and FPs are
not reported, then the allowable tolerance would be ±54 samples for a 150 ms window,
which is equivalent to a ±150 millisecond tolerance.
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Figure 6. Validation of the actual tolerance for the AAMI benchmark window of 0.15 s.

This proves that whenever a WFDB R-peak validation tool is used with a window size
of 0.15 s (or 150 ms), it employs a tolerance of ±54 samples or ±150 ms before and after
the reference annotation, effectively doubling the window size to 0.3 ms to check if the
predicted sample is within or outside this evenly distributed window size. The reason for
±tolerance is because the prediction can be either side of the reference R-peak time location.
While WFDB validation tools handle this automatically, custom validation methodologies
require implementation of this mechanism, rather than simply defining the window size of
0.15 s. Therefore, it is important to specify the tolerance used, whether ±75 ms or ±150 ms.

5. Non-Beats and Custom R-Peak Validation Method

The MIT-BIH arrhythmia database is classified into two main annotation categories:
beats with actual R-peaks, which have 15 subtypes and consist of 109,494 beat annotations,
and non-beats without QRS or R-peaks, which have 24 additional subtypes consisting of
3153 non-beat annotations including 42 beats of ventricular flutter from record 207 [94].
We refer to them as non-beats because they do not represent QRS-waves, making them
irrelevant for R-peak detection as shown in Figure 7.
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Figure 7. Some of the Non-beats in MIT-BIH Arrhythmia Dataset. VT: Ventricular tachycardia,
T: Ventricular trigeminy, N: Normal sinus rhythm, |: Isolated QRS-like artifact, !: Ventricular flut-
ter, B: Ventricular bigeminy, NOD: Nodal (A-V junctional) rhythm, IVR: Idioventricular rhythm,
AFIB: Atrial fibrillation, and SVTA: Supraventricular tachyarrhythmia.
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Validating a custom R-peak methodology involves predicting a combination of beats
and non-beats. However, if the predicted samples are tested against reference annotations
without using WFDB comparators and the method instead relies solely on window size
adjustments through a self-developed R-peak validation methodology, problems may arise.
In this case, the methodology would be unable to distinguish between beat and non-beat
annotations, resulting in an increase in TPs, FPs, and FNs. WFDB-provided comparators
address this issue by filtering out all non-beats and only validate the actual beat annotations,
as shown in Figure 8.
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Here, the WFDB comparator’s general working is shown to illustrate how it processes
the actual beats of normal (N) and premature ventricular contraction (V) beats but excludes
a non-beat ventricular tachycardia (VT) using the shutdown and resume time mechanism.
Shutdown is the time when excluded parts consisting of non-beats start and resume is
the time when these parts end. The literature, such as [45–47] and many others as given
in Table 1, does not provide the details of the employed R-peak validation procedures.
Although these studies provide statistical metrics, it is reasonable to assume that they
used custom validation methods for testing R-peaks that raise a question about how they
addressed the non-beat issue, as simply adjusting the window size is insufficient to ensure
accurate statistical outcomes. In contrast, WFDB R-peak validation tools filter out non-
beats, highlighting the importance of a standard R-peak validation method to tackle these
issues effectively.

6. Beat Variations for MIT-BIH Dataset

Another discrepancy found while reviewing the existing literature using the MIT-
BIH arrhythmia database is that not all studies considered the same number of beats,
which impacts the R-peak validation results and fair methodological comparison. The total
number of actual beats is 109,494 for all 48 records as available in the PhysioNet database.
This number, 109,494, serves as the standard from which we can deduce the following [94]:

■ If the literature shows a higher number, it means non-beats have been included in
the results.

■ If the numbers are lower than 109,494, it indicates that beats have been removed,
which should be thoroughly discussed in the manuscript.

In the literature, Zhu et al. reported the total number of beats as 109,401, 93 fewer than
the standard 109,494, indicating they missed valid beats in their final statistical results [31].
Additionally, they claimed that the total beats in the MIT-BIH dataset are 116,137 but did
not provide a rationale for this figure. Even after reviewing the PhysioNet database and
archives, the total number of actual beats (109,494) and non-beats (3153) amounts to 112,647,
not 116,137. Rakshit et al. reported the total number of beats as 109,474 [39]. They used
fewer beats for records 100, 106, 107, 108, 116, 118, 119, 201, 205, 207, 208, 209, 210, 213, 215,
222, and 233, indicating that they missed many actual beats. They also used more beats in
records 101, 105, 115, 121, 123, 124, 200, 203, and 214, showing that they have added some
non-beats to the results of these records. Nayak et al. reported the total number of beats as
109,497 [66]. Upon reviewing the number of beats for each record in their manuscript, we
found that the reported beats for record 109 are 3 more than the original 2532 beats, which
is only possible if all 3 non-beats are added to the final count. Hamilton et al. reported a
total number of beats of 109,267, fewer than 109,494 [67]. They also skipped beats from
every record of the MIT-BIH dataset but did not mention the timestamps to show which
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samples were skipped in their manuscript. Zhang et al. reported the total number of beats
as 109,510 [68]. They used more beats in records 103, 108, 207, 214, and 217, indicating that
they have added non-beats into the final count without specifying. Afonso et al. reported
91,314 beats using fewer samples from each record [40]. They skipped the first 5 min of
each record to comply with the WFDB validation tool mxm settings. The rationale is to
allow the signal to stabilize and reduce the impact of any initial artifacts and noise that
may be present. Yeh et al. claimed to use a total of 116,137 beats [43]. However, contrary to
their claim, the actual number of beats used per record in their manuscript yields a total of
not more than 109,809, which is still higher than the actual beat count of 109,494. Similarly,
Tompkins et al. [41] also reported the total number of beats as 116,137, but recalculation
shows the total number to be 109,809 beats used in their manuscript. Zidelmal et al. [69]
also claimed to use the complete number of beats of the MIT-BIH arrhythmia dataset
but reported 108,494, 1000 fewer than the actual count of 109,494. These discrepancies
emphasize the necessity of uniformity and transparency in reporting the total beats used
and timestamps for the skipped segments while validating the R-peak detector. Table 1 also
provides a comprehensive overview of the information about beats skipped, where NG
indicates unavailable information from referenced papers. This overall discussion leads to
three conclusions:

1. Inconsistency in reporting no. of beats makes it difficult to compare results directly
since performance metrics (accuracy, precision, recall, etc.) vary depending on the
size and composition of the dataset.

2. The selected beats may not uniformly represent various arrhythmia types as some
researchers might choose more challenging beats and some just skip them, impacting
their proposed detectors’ perceived performance.

3. Results from non-standardized datasets cannot be reliably compared; one researcher’s
high accuracy might be achieved on a simpler subset, while another works with more
complex data.

To ensure transparency and comparability, standardized protocols for selecting beats
from the MIT-BIH arrhythmia dataset should be followed to properly document and report
the exact beats used, including exclusion or selection criteria, along with timestamps.
This will provide a complete understanding of the proposed methodology and ensure its
reproducibility for meaningful comparisons.

7. Guide for Integrating WFDB Tools, a Future Prospect

WFDB tools are crucial for validating predicted R-peaks, as they handle non-beats
and compare actual beats based on defined ANSI/AAMI testing protocols and defined
guidelines. However, upon reviewing the available literature and PhysioNet databases
related to WFDB tools, it becomes evident that there is lack of guidance and the related in-
formation is scattered. This makes it challenging to determine which parameters are critical
for R-peak validation, as various parameters are required to obtain SUMSTAT evaluation
metrics, and additional parameters are necessary to identify annotation discrepancies and
their sample values according to AAMI standard mnemonics. Similarly, there is a lack
of clarity on how to effectively integrate WFDB tools to conduct the validation process
simultaneously across the entire dataset. To bridge this gap, a structured hierarchy is
proposed, which can be coded to develop a graphical user interface (GUI). The proposed
structured hierarchy is shown in Figure 9. The main directory is named “Validate”, and it
contains various subfolders:

1. Peak Samples: It stores the predicted R-peak samples as individual CSV files for
each record. Each predicted file is placed in a separate folder, with the folder name
corresponding to the processed individual record. Each CSV file must contain the
predicted samples in a single-column matrix.

2. Comparator: This folder stores the predicted annotation files (pred) for the R-peak
samples produced by the WRANN function. These annotations are generated by
processing subfolders for each record within the “Peak Samples” folder. The Compara-
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tor folder also stores the reference annotations (atr) and their corresponding records
downloaded from the PhysioNet online directory. These predicted and reference
R-peak annotations will be used for window-based comparison.

3. Results: It is the target folder to store all resulting metrics, including TPs, FPs, FNs,
positive predictivity, and sensitivity in the form of a CSV report file.

4. CM: It is a subfolder of “Results” that stores confusion matrices for each record in txt
or text format.

5. Error: It is also a subfolder of “Results” that stores details of the actual annotation
discrepancies for each record in txt format.
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The “Validate” algorithm can serve as the main component of this hierarchy, perform-
ing validation for all predicted R-peaks and providing statistical results and annotation
discrepancies. The “Sort/Visualize” algorithm can then categorize these discrepancies into
FPs and FNs according to standard label mismatches [74]. To sort the discrepancies, a loop
can be set up to check if “O” or “X” appears on the left side in any annotation difference file,
which will be considered an FP, and if it appears on the right side, it will be considered an
FN, as illustrated in Figure 9. Any WFDB comparator can be integrated into this pipeline;
here, we use the bxb function as an example due to its frequent use in the literature. The
bxb function requires several inputs, including the path to the folder containing expert
and predicted annotations with extensions atr and pred and a path where the generated
CSV will be saved. It further requires a start time, end time, and window size [75,95] as
given below.

bxb (Input path, ‘atr’, ‘pred’, path out, ‘start time’, ‘end time’, ‘window size’)

Moreover, to generate annotation differences, a command line can be encoded in the same
file as given below.

bxb (-r file, -a atr pred, -f 0, -o, -v 2, target folder)

Here, -r file specifies the record to analyze, -a atr pred indicates the respective annotation
files to compare, -f 0 ensures that the analysis starts from the beginning of the record, and
-o enables detailed output for each annotation difference in the AAMI-defined mnemonics
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format. The -v 2 sets the verbosity level and the target folder is the destination folder,
which, according to the proposed structured hierarchy, is the “Error” subfolder.

The step-by-step procedure to use the proposed structured hierarchy is defined
as follows:

1. Establish structural pathways for streamlined continuous inputs and outputs as
shown in Figure 9.

2. Iterate through each record individually from the “Peak Sample” subfolder, ensuring
proper column orientation by transposing each sample point.

3. Use the WFDB WRANN function to generate annotation files (the dot extension can
be configured as pred or any other desired name) for each predicted sample for every
single record and output the results into the main “Comparator” subfolder. Once
all predicted annotations are generated and stored as pred files in the “Comparator”
folder, activate the bxb function.

4. The bxb function takes atr and pred files from the “Comparator” folder as inputs to
analyze whether each predicted beat is an actual beat, using a 150 ms (±54 samples)
window span. By default, it sets the window to a benchmark size of 0.15 s. Addi-
tionally, one has to define extensions for reference and predicted annotation files to
configure bxb parameters.

5. Calculate necessary metrics such as TPs, FNs, FPs, sensitivity, and predictability
using SUMSTAT.

6. Calculate a confusion matrix for each record, saved in the “Results” subfolder as CM.
7. Append SUMSTAT metrics to a CSV report saved in the “Results” folder.
8. FPs and FNs can then be extracted using the annotation difference command line by

defining comparable annotation dot extensions. After extraction, it will be a mix of
FPs and FNs which then can be sorted based on the left and right occurrence of “O”
or “X”.

9. For visualization, one can define a one-minute period or other span of time within the
full-length ECG recording of the validating dataset for the error observation feasibility.
Visualizing FPs and FNs helps identify all errors and their causes, offering insights
into algorithm performance and aiding in quality assessments to ensure reliable ECG
interpretations and refinements.

The same process can be repeated using other WFDB validation tools replacing bxb
with the respective name of the comparator.

8. Conclusions

This review focuses on transparent, complete, and reliable reporting for ECG R-peak
validation. By examining existing literature, it provided an overview of key discrep-
ancies while reporting testing methodologies, window size and tolerance, actual beats,
and skipped segments and also provided their potential effects on statistical outcomes.
Additionally, it also addresses the challenges of filtering non-beats in custom methods,
highlighting the importance of standard WFDB tools and AAMI benchmark parameters.
Transparency in reporting validation procedures and parameters is crucial. Transparency is
crucial when reporting R-peak validation procedures. This includes clear explanations of
how annotated non-beats are filtered when using custom validation methods, the chosen
window size, its exact tolerance, and proper documentation of any deviations in the total
number of beats for datasets like MIT-BIH or others available on PhysioNet. Similarly,
skipped beat segments, along with their exact timestamps and reasons, as well as any
custom validation method, should also be fully explained. This is essential to ensure com-
plete and reliable reporting of the validation process, preventing misleading assessments
of R-peak detection algorithms, and enabling better understanding and fair comparisons
between different methodologies. It allows for a comprehensive understanding of the
proposed methodology, replication of exact conditions for R-peak validation, and fair
comparison with other ECG R-peak studies. Moreover, a structured hierarchy is conceptu-
alized to integrate WFDB validation tools that can help in understanding provided tools
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for validating the ECG R-peak. This hierarchy could pave the way for developing GUIs
that simplify R-peak validation procedures and contribute to advancements in the medical
research community.
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