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ABSTRACT- Heartbeat classification on the MIT-BIH Arrhythmia Database is commonly evaluated with beat-level
cross-validation, which places beats from the same subject in both training and test sets. In this work, we evaluate a 61-
dimensional heartbeat representation under both that protocol and record-level separation, and compare the two. Each beat is
described by 60 signal samples spanning 166.7 ms around the R-peak and one RR interval. Under beat-level five-fold cross-
validation, a Random Forest reaches 98.42% accuracy and 95.44% macro-F1 across five classes. Under record-level separation,
with the configuration selected entirely within DS1 and DS2 withheld from model selection, the same representation reaches
80.80% accuracy and 42.00% macro-F1, with sensitivity of 0.9864 for Normal, 0.9139 for PVC, 0.2004 for RBBB, 0.0002 for
LBBB and 0.0023 for APC. We then separate the causes of these failures experimentally. RBBB sensitivity rises to 0.9178 on one
held-out subject when the number of training subjects carrying the class is increased, whereas LBBB sensitivity remains below
0.001 under every configuration and feature subset tested. Across the five classifiers evaluated under DS1/DS2, LBBB remains
poorly recognized and RBBB sensitivity remains below 0.40, whereas APC performance varies substantially, showing that the
poor transfer is not specific to the Random Forest and that the weak classes are affected by different factors. The comparison
illustrates the substantial difference between beat-level and record-level evaluation under the standard DS1/DS2 setting, and
shows that per-class failures under record-level separation arise from different causes and require different remedies.
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1. INTRODUCTION The standard DS1/DS2 division of de Chazal et al. [21] is

- . ) ) ) ) ) widely used for inter-patient evaluation. A systematic review
Electrocardiography is the primary non-invasive window onto of 122 studies published between 2017 and 2024 found that
cardiac electrical activity, and manual review of multi-hour only 30.3% adopted an inter-patient split, while the overall
ambulatory recordings is slow and inconsistent, which  iion trend remained dominated by studies that did not
motlvates.automated beat-level clasmﬁca}u'on. The MIT-BIH  go110y the inter-patient methodology [22]. The representation
Arrthythmia Database [l1, 2], comprising 48 half-hour proposed here is therefore evaluated under both protocols.

recordings from 47 subjects sampled at 360 Hz with expert Combining morphology with RR-interval information is not
beat annotations, has served as the standard benchmark for this itself new; the contribution lies in the controlled evaluation of

task. a specific 61-dimensional representation under matched
protocols, with training-only model selection, class-specific
failure analysis and computational characterization. The
contributions are stated so that each maps to a specific
experiment.

Early systems paired morphological samples around the R-
peak with inter-beat timing and conventional classifiers [3—
10], a body of work that also addresses related concerns such
as signal denoising [5] and feature selection for high-
dimensional biosignals [9]; Random Forests have been applied

. " : : - i. A 6l-dimensional representation combining a 166.7 ms
widely for their resistance to overfitting and their feature

morphological window with one RR feature, with a
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controlled ablation quantifying each part under both
protocols (Section 4.5).

ii. A model-selection procedure confined to the training
records, using record-grouped cross-validation within DS1
and a single evaluation on DS2, compared against a non-
nested search over the full database; the two differ by 0.21
accuracy points and 0.62 macro-F1 points (Section 4.2).

iii. A standard de Chazal DS1/DS2 inter-patient evaluation as
the primary result, with confusion matrix, per-class
sensitivity and specificity, support, and per-class subject
coverage (Section 4.3). No strong inter-patient
generalization is claimed for LBBB, RBBB or APC.

iv. A diagnostic experiment separating three causes of per-
class failure. RBBB sensitivity responds to the number of
training subjects carrying the class, rising from 0.5419 to
0.9178 on one held-out subject; LBBB sensitivity does not
respond to subject count, and remains below 0.001 across
the Random Forest hyperparameter grid and the feature-set
ablations; APC is constrained by class frequency, and class
weighting reduced its sensitivity rather than improving it
(Sections 4.7 and 4.8).

v. Feature attribution by two methods whose disagreement is
quantified, with the interpretability claim restricted to
global, model-level attribution (Section 4.9).

vi. Measured computational cost on a desktop CPU, with
repeated timing (Section 4.10).

2. MATHEMATICAL BACKGROUND
2.1. ECG Signal and Normalization

An ECG recording is a sequence x(n), n =1 ... N. To reduce
amplitude variability between recordings, each recording is
standardized by a z-score transform [23]:

x(n) —u
o+¢

(M

Xnorm(M) =

where 4 and ¢ are computed over the entire recording, before
beat extraction, and ¢ = 10°. The normalization unit is
therefore the record, not the individual window. This choice
was fixed before any inter-patient result was computed, on the
grounds that record-level normalization preserves the
amplitude of a beat relative to its own recording, which per-
beat standardization discards. Table I reports both variants as
a post-hoc sensitivity analysis rather than as a selection
experiment: the record-level unit was not chosen on the basis
of the figures shown there.

On information leakage, x and ¢ come from a single recording
and are applied only to that recording. The transform is
unsupervised and shares no statistic between recordings, so
nothing crosses from one subject to another and the DS1/DS2
separation holds. It is, however, an offline operation: it
requires the complete recording before any beat within it is
normalized, and does not correspond to prospective streaming,
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where the statistics would have to be estimated from a
preceding window. This is stated among the limitations in
section 4.12.

Table 1. Post-hoc comparison of normalization units; the
record-level unit was fixed in advance

Normalization Intra Intra Inter Inter

unit accuracy | macro- accuracy | macro-
F1 F1

Record-level 98.42% 95.44% 80.80% 42.00%

(adopted)

Per-beat 98.90% 96.67% 79.40% 35.15%

2.2. Segmentation and feature construction

For consecutive R-peaks R; and R;_;, the RR interval in
seconds, the morphological vector formed from the 30 samples
preceding and the 30 samples following the annotated R-peak,
and the final descriptor that appends the interval to that vector
are defined respectively as:

RR, = M Ria 2

(=T f 2)

Fmorph = [fl'fZJ ""f60] (3)
Ffinal = [fl!fZ' ""f60!RR] (4)

where f;=360 Hz is the sampling frequency, R; and R;_; are
the sample positions of the current and preceding R-peaks, f]
denotes a normalized ECG amplitude sample, and RR is the
interval of equation (2) appended without further scaling. The
resulting descriptor has 61 elements.

At 360 Hz, 60 samples correspond to 166.7 ms in total, that is
+83.3 ms about the R-peak. This span captures the QRS
complex and the immediately adjacent morphology, but does
not reliably contain the P or T wave, still less so at elevated
heart rates. Rhythm information is therefore supplied by the
RR feature rather than by extending the window, a choice
consistent with the importance analysis of section 4.9, where
the most informative sample positions lie after the R-peak.

A record is retained only if channel 0 is labelled MLII, and
equation (1) is applied to that channel in full. The annotation
file is then traversed in temporal order. An annotation counts
as a heartbeat if its symbol belongs to the MIT-BIH beat set
{N,L,R,e,j,A,a,J, S, V,E, F, /, f, Q, ?}; all other symbols,
such as rhythm changes, signal-quality markers and
ventricular flutter waves, are skipped. The RR reference
position advances at every heartbeat, not only at beats of the
five target classes, since otherwise the interval would span any
intervening fusion, paced or unclassifiable beat and would be
inflated. The first heartbeat of each record has no predecessor
and is discarded (42 beats), as is any target beat whose R-peak
lies within 30 samples of either end of the recording (3 beats).
For each retained beat, the descriptor of equation (4) is
formed.

Website: www.ijeer.forexjournal.co.in

Morphological and RR-Interval Features for ECG Arrhythmia

797


http://www.ijeer.forexjournal.co.in/

FOREX

Publication
Open Access | Rapid and quality publishing

Arnpliiuna

M\WI‘EFW NL«.IJ‘ ‘M;-mwﬂ ‘.,Mlll l wmmﬂ‘ l___,

m [ B B B

WUbIErg S

oo
actzd ziqrsz 1

o

-

[L4] aic L3 az e
=sonl sigmse

®)

a3 -— Gres:cedtw

1
1
1
1
1
1
1
1
1
1
I
1
1
1
1
1
1
1
1
1
5

EN EN “1a e B 3

Samples Re atvs fo B-peak

(©
Figure 1. Record 100: (a) annotated R-peaks; (b) magnified beat; (c)
the extracted 60-sample vector

2.3. Random Forest classifier

A Random Forest is an ensemble of trees grown on bootstrap
samples with a random feature subset at each split. The output
is the majority vote [24]:

¥ = mode{h,(x), h,(x), ..., hy (x)} (5)

where h,(x) is the class predicted by the t-th tree for an input
x, T is the number of trees, and  is the predicted class label.

It is used here because it tolerates correlated features and does
not require additional feature-wise scaling of the 61-
dimensional vector, while providing direct global feature
attribution. It is not assumed to be the best classifier for this
representation: Section 4.6 evaluates five baseline classifiers
alongside the Random Forest on identical features under the
intra-patient protocol; four of these are also evaluated under
DS1/DS2. Under record-level separation, logistic regression
obtains a higher macro-F1 than the Random Forest.

i3, PROPOSED SYSTEM AND
WORKFLOW

The system comprises signal acquisition, record-level
normalization, beat segmentation, construction of the 61-
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dimensional vector, and Random Forest classification (figure
2). The same extraction code produces the data for both
protocols, so the only difference between the experiments is
how records are assigned.

Pre-processing Stage

; umm]
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Arthythmia
Classification Result
( ) Random Forest penesl i
60 Morphology Samples | 0] Ensembie Clasaifier {pat
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Figure 2. Block diagram of the proposed system

Algorithm 1 sets out the full procedure. Model selection is
confined to DS1, and DS2 does not contribute to it; the same
fixed record-wise preprocessing and feature extraction is
applied independently to both sets, with DS2 used only for the
final evaluation.

Algorithm 1. End-to-end experimental pipeline

Input : R = 48 MIT-BIH records; beat symbol set B; W = 30; fs =
360 Hz;

grid G of (n_estimators, max_depth)

Output: DS2 performance metrics

1 X—¢g

2 for each record r in R do

3 if channel 0(r) # MLII then continue

4 s « (channel 0(r) — mean) / (std + le—6) // Eq. (1), record-
level

5 prev < null

6 for each annotation (sym, pos) in r, in temporal order do

7 if sym & B then continue // non-beat marker

8 if prev = null then prev «<— pos; continue

9 if sym is a target class and W < pos < len(s) — W then

10 X «— X U{(concat(s[pos—W:pos+W], (pos—prev)/fs),

11 label(sym), r)} // Egs. (2)—(4)

12 prev < pos // advances at every beat

13 end for; end for

14 DSI1, DS2 « split(X by record) //de Chazal et al. [21]

15 best < argmax over cfg in G of

16 macro F1(GroupKFold CV(DSI, cfg, groups = record id, k =
5)

17 7/ DS2 unused here

18 M <« RandomForest(best).fit(DS1)

19 return evaluate(M, DS2) // one-time final evaluation on DS2
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The only fitted model quantities are the forest structure,
learned from DS1 beats alone, and the configuration selected
at lines 15—17, also using DS1 alone. The normalization at line
4 uses only the statistics of the record being normalized and no
label information, so it creates no dependence between DS1
and DS2.

3.1 Scope: Annotation-Assisted Classification

Segmentation uses the expert R-peak annotations distributed
with the database, which bounds what the results can
demonstrate. Expert annotations provide an idealised fiducial
point and bypass QRS detection, which in a deployed system
carries its own failure modes: missed beats, false detections
and localization jitter, any of which would shift the extraction
window and perturb both the morphological samples and the
RR interval. What is evaluated here is therefore offline,
annotation-assisted classification of correctly segmented beats,
and no claim of end-to-end real-time operation is made in this
paper. Dias et al. [6] quantified this dependence by adding
jitter of up to 50 ms to the annotated R-peak positions: N and
V sensitivity fell by less than one point, while the
supraventricular class lost 7.8 points of positive predictivity.
Integrating a QRS detection front-end and quantifying its
effect on classification is stated as required future work.

3.2. Hyperparameter Selection

The classifier configuration was selected within the training
records. DS1 was partitioned into five folds by GroupKFold
on the record identifier, so that all beats from a record fall in
the same fold, and a grid over n_estimators € {50, 100, 150,
200} and max_depth € {10, 20, 30, None} was evaluated on
macro-F1 rather than accuracy, since the classes are severely
imbalanced. DS2 did not contribute to hyperparameter
selection. The selected configuration is 100 trees at maximum
depth 30 (Table 2).

Two observations follow from the grid. First, macro-F1 varies
by only 0.62 points across the sixteen configurations, from
27.04% to 27.66%, so the choice of configuration is not what
determines performance here. Second, LBBB sensitivity is
0.0003 in every configuration without exception, which places
that failure inside DSI1 itself, independently of the DS2 records
on which it is later measured. The macro-F1 values in table 2
are internal selection scores computed within DS1 and are not
comparable with the DS2 results reported in section 4.3.

Table 2. Model-selection grid on DS1 only: macro-F1
(%) under record-grouped five-fold cross-validation

n_estimators | depth 10 depth 20 depth 30 (11\;?;:
50 27.25 27.15 27.26 27.33
100 27.30 27.46 27.66 27.59
150 27.21 2747 27.61 27.56
200 27.04 27.46 27.53 27.51
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Adopted: 100 trees, depth 30. Macro-F1 within DS1 is far
below the value obtained on DS2 because record-grouped
folds leave some folds without training examples of LBBB or
RBBB; the DSI1 figure is a selection criterion, not a
performance estimate.

“24, EXPERIMENTAL RESULTS AND
DISCUSSION

4.1. Dataset and beat accounting

Lead selection. Channel 0 is used for every record and its
label verified programmatically; a record is retained only if
that label is MLII. Records 102, 104 and 114 carry V5 on
channel 0 and are excluded. Record 114 does contain MLII,
but on channel 1; it is excluded rather than remapped so that a
single uniform lead position is used throughout, since mixing
channel positions within one feature set would introduce the
very morphological inconsistency the rule prevents. Forty-five
records are retained, of which 43 enter the inter-patient
experiment, the DS1/DS2 division of de Chazal et al. [21]
additionally excluding the paced records 107 and 217. The
figure of 47 given in the previous version was the subject
count, applied in error to records.

Beat accounting. The ecarlier statement that the dataset
comprised approximately 83% of annotated beats specified
neither a denominator nor an exclusion criterion, and conflated
two distinct ratios. Table 3 replaces it with a complete audit
trail, every stage of which is reproducible from the rules of
Section 2.2. Of the 97,921 beats belonging to the five target
classes, 97,876 are retained, or 99.95%. Of the 103,199 true
heartbeats present in the 45 records, 97,876 enter the study, or
94.84%, the remainder being beat types outside the five-class
problem. No target beat is excluded on grounds of signal
quality, and the first-beat and boundary exclusions are
independent of the target class label.

Table 3. Beat accounting and class distribution.

Stage Beats

112,647 (109,494 beats,

Annotations across all 48 records 3,153 markers)

True heartbeats in the 45 MLII records 103,199
—of the five target classes 97,921
—other beat types (/, f, F, j, a, E, J, Q, e, 5,278
S)
Excluded: first beat of a record (42) or 45
within 30 samples of a boundary (3)
Retained for classification 97,876

Class distribution of the retained beats: Normal 72,936
(74.52%), PVC 7,079 (7.23%), LBBB 8,072 (8.25%), RBBB
7,253 (7.41%), APC 2,536 (2.59%). The Normal share is the
majority-class baseline against which accuracy figures should
be read; under the inter-patient split this baseline is 74.37%,
computed on DS2 alone.
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7 Table 4. Per-class results under both protocols. Recall is
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Figure 3. Mean beat morphology per class; shaded regions show £1
SD

figure 3 shows the class morphologies: Normal a narrow sharp
QRS; PVC a broad low-amplitude complex with wide
dispersion; LBBB a wide complex of reduced peak amplitude;
RBBB a sharp peak followed by a pronounced negative
deflection; and APC a waveform closely resembling Normal,
anticipating the confusion pattern of section 4.8.

4.2. Protocols and Metrics

Inter-patient (primary): Records are divided at the record
level into the DSI training set and DS2 test set specified by de
Chazal et al. [21]; the four paced records (102, 104, 107, 217)
are excluded by that protocol. Record 114 is already excluded
by the lead criterion, so DS1 contributes 21 records and
48,434 beats and DS2 contributes 22 records and 48,977 beats.
The remaining 465 beats belong to records 107 and 217 and
enter neither set. No record appears in both.

Intra-patient (additional): Beats from all 45 records are
pooled and split by StratifiedKFold with five folds, shuffle
enabled, random_state = 42, stratified on the class label. Folds
are formed over beats rather than records, so beats from one
recording appear in several folds; this protocol is retained only
for comparability with the published literature.

Model Selection: The configuration is selected within DSI
alone, by the procedure of section 3.2, and DS2 is used only
after configuration selection for the primary evaluation. The
previous version of this manuscript selected hyperparameters
by cross-validation over the pooled dataset, so records
subsequently used for testing contributed to the choice. Both
are reported here for direct comparison: the -corrected
procedure gives 80.80% accuracy and 42.00% macro-F1 on
DS2, against 81.01% and 42.62% under the earlier one. The
effect of the selection leakage on this dataset is therefore 0.21
accuracy points and 0.62 macro-F1 points.

Metrics: Precision, recall (equivalently sensitivity), F1 and
specificity are computed per class directly from the confusion
matrix of the run reported; macro averages are unweighted
means over the five classes and weighted averages are
weighted by support. Class-wise values are reported as
decimals and aggregate values as percentages throughout, and
every table reconciles with its confusion matrix.

4.3. Inter-Patient Results (Primary Experiment)
Training on DS1 and testing on DS2 gives 80.80% accuracy,
42.00% macro-F1, 74.03% weighted-F1, macro-precision
0.5441 and macro-recall 0.4207 (Table 4, Figure 4).

s Inter-patient (DS1/DS2) ntgatiengiiold)
Precision |Recall | F1 Support| Precision| Recall F1 Support
R Normal | 0.8042 | 0.9864(0.8860 | 36,426 | 0.9832 | 0.9978| 0.9904 | 72,936
PVC 0.8490 | 0.9139(0.8803 | 3,218 0.9838 | 0.9501| 0.9667 | 7,079
LBBB 0.0250 | 0.0002(0.0005 | 4,124 0.9925 | 0.9730( 0.9827| 8,072
RBBB 0.9134 | 0.2004(0.3287 | 3,473 0.9891 0.9720( 0.9805| 7,253
APC 0.1290 | 0.0023(0.0045 | 1,736 0.9727 | 0.7579| 0.8520 | 2,536
N;a:,cgro 0.5441 0.4207]0.4200 | 48,977 | 0.9842 | 0.9302| 0.9544 | 97,876
We;%l;ted 0.7253 0.8080]0.7403 | 48,977 | 0.9841 0.9842 0.9837 | 97,876

Specificity per class: inter-patient 0.3028, 0.9886, 0.9991,
0.9985, 0.9994; intra-patient 0.9500, 0.9988, 0.9993, 0.9991,
0.9994 (Normal, PVC, LBBB, RBBB, APC).

Sensitivity

Normal 930 441 23 19 13

(n = 36,426} 0.9864

239 94 16 8 14 0.9139

PYC
(n=3218)

LBBB

n=2,124) 4,059 55 1 g —

0.0002

True class

n= ERE%E; 2,770 7 — 696 — 0.2004

1,682 20 — 30 4 0.0023

APC
n=1,736}

Normal PvC LBBB RBBB

Predicted class

APC

Figure 4. Inter-patient confusion matrix (DS1 train / DS2 test).

Sensitivity

Normal

{n =72,936) 09878

PVC
{n=7.079) 0.9501

LBBB

(n=8072) 0.9730

True class

RBBB

{n =7,253) 0.9720

551 0.7579

APC
{n =2,536)

Normal LBBB RBBB

Predicted class

APC

Figure 5. Intra-patient confusion matrix, pooled over five folds

Cell values are beat counts; shading is row-normalized; blue
marks correct classifications and red marks errors.

Performance differs sharply across the five classes. Only two
records contribute LBBB beats to each split, namely 109 and
207 in DS1 and 111 and 214 in DS2, and only three contribute
RBBB beats, namely 118, 124 and 207 in DSI1 and 212, 231
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and 232 in DS2. Normal, PVC and APC draw on 17 to 19, 16
and 13 records respectively. Limited subject coverage is the
obvious candidate explanation, and a comparable observation
appears in [6], where a single record (232) contributes 75% of
the supraventricular beats in DS2 and the authors attribute
poor generalization to that concentration. Coverage is not,
however, sufficient to explain the behaviour of all three weak
classes here, and section 4.7 tests it directly.

The APC class is a different case. Thirteen records contribute
APC beats to each split, so subject coverage does not account
for its failure. DS1 contains only 800 APC beats against
36,266 Normal beats, a ratio of roughly 45 to 1. Its difficulty is
therefore one of class frequency, compounded by close
morphological similarity to Normal beats, which is visible in

figure 3.

4.4. Intra-Patient Results (Additional Experiment)
Under the intra-patient protocol, the same system reaches
98.42% accuracy and 95.44% macro-F1, with a weighted-F1
of 98.37%, a macro-precision of 0.9842 and a macro-recall of
0.9302 (Table 4, Figure 5). These figures are reported for
comparability with the published literature. They must not be
read as estimates of performance on unseen subjects. The
53.44-point macro-F1 gap between the two evaluation settings
illustrates the substantial difference between beat-level and
record-level evaluation, although the inter-patient protocol
additionally excludes records 107 and 217.

Fold-wise stability is given in table 5. Accuracy is highly
stable at 98.42% + 0.05 and macro-F1 at 95.44% + 0.18, but
APC sensitivity varies by an order of magnitude more relative
to its own value, which is why fold-level accuracy alone is an
insufficient stability check on imbalanced data.

/ Table 5. Fold-wise intra-patient results. SD is the
population standard deviation over five folds

Fold 1 2 3 4 5 |Mean | SD

ACE;T;‘C-‘/ 98.38 |98.45 |98.48 |98.43 9835 |98.42 |0.05
0

Macro-

Bl | 9523|9555 9566 | 9554 19523 | 9544 |0.18

Per-class sensitivity is stable for the four larger classes, with
standard deviations of 0.0003 for Normal, 0.0047 for PVC,
0.0038 for LBBB and 0.0061 for RBBB, and least stable for
APC at 0.0126 about a mean of 0.7579. Fold test sets contain
19,575-19,576 beats, with per-class counts within one beat of
each other across folds.

4.5. Ablation:

Combination
Table 6 tests the complementarity premise with three
configurations under both protocols, everything else fixed.

Morphology, RR, and Their
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Table 6. Ablation of the feature set under both protocols

Intra-patient Inter-patient
Configuration Macro- | APC Macro- | LBBB |RBBB
Accuracy Accuracy
F1 rec. F1 rec. rec.
Morphology 9745% |9082% 05564 | 78.82% 36.81% |[0.0002 [0.1137
only (60) ) ) ) )
RRonly (1) | 75.99% |28.20% [0.0000 | 71.84% |26.02% [0.0000 |0.0107
Morphology 08.42% | 95.44% |0.7579 80.80% 42.00% |0.0002 |0.2004
RR (61) . . . .
Majority- — — —
class 74.52% — — 74.37%
baseline

The table supports two conclusions that pull in opposite
directions. On its own the RR interval is not discriminative: it
reaches 75.99% intra-patient against a majority-class baseline

of 74.52%, and 71.84% inter-patient against a baseline of

74.37%, that is below the baseline, with three of the five
classes essentially unrecognized. Combined with the
morphological samples it is another matter. Macro-F1 rises by
4.62 points intra-patient and 5.19 points inter-patient, and the
gain falls where morphology is weakest, with APC sensitivity
moving from 0.5564 to 0.7579 and inter-patient RBBB
sensitivity from 0.1137 to 0.2004. One feature, 1.6% of the
vector, produces this. Deleting the morphological block
instead costs 67.24 macro-F1 points intra-patient.

4.6. Controlled Baseline Comparison
To test whether performance is specific to the Random Forest,
five baseline classifiers were evaluated alongside it under the

intra-patient protocol on identical features and seed. Four of

these were also evaluated under DS1/DS2; the RBF-SVM was
omitted from the inter-patient comparison for the reason stated
below (Tables 7 and §8).

Table 7. Baseline classifiers under the intra-patient
protocol, identical features and folds

Classifier Accuracy | Macro- | APC recall
Random Forest (proposed) | 98.42% 955111% 0.7579
k-nearest neighbours (k=5) 98.14% 93.40% 0.6526

SVM, RBF kernel * 97.92% | 93.67% 0.6622
Decision tree 97.02% 92.24% 0.7772
Logistic regression 91.71% 82.60% 0.6002
Gaussian naive Bayes 77.16% 57.80% 0.3517

“An RBF kernel on 97,876 x 61 was not tractable within

available resources; this row used a stratified subsample of

20,000 beats (20.4%) under the same fold protocol and is
indicative rather than strictly comparable.”

Under the intra-patient protocol, Random Forest leads on both
metrics, though the margin over k-nearest neighbours is 0.28
accuracy points. The separation appears in macro-F1 and
originates in the minority class, where APC sensitivity is
0.7579 against 0.6526. A single decision tree reaches higher
APC sensitivity while performing worse on every other
measure, which suggests that majority voting across many
trees leans toward the frequent classes.
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i Table 8. The same classifiers under the inter-patient
protocol, fitted on DS1 and evaluated once on DS2. The
RBF-SVM is omitted, since a subsampled row would not
be comparable under this protocol
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RBBB 212 0.0016 (3) — 0.0082 (5)
LBBB 111 0.0005 (2) — 0.0009 (3)
LBBB 214 0.0000 (2) — 0.0000 (3)

Classifier Accuracy Macro- | LBBB | RBBB | APC
F1 Rec. Rec. Rec.
Random 0.0023
Forest 80.80% 42.00% 0.0002 0.2004
(proposed)
. 0.0565
Decision tree 79.64% 42.90% 0.0056 0.2793
Logistic 78.50% | 45.16% | 0.0112 | 03988 | 00033
regression
k-nearest 0.0046
neighbours (k 76.82% 32.19% 0.0002 0.0438
Gaussian 7080% | 34.73% | 00323 | 0.1004 | 017
naive Bayes

The ordering does not carry over. Random Forest has the
highest accuracy under DS1/DS2 but not the highest macro-
F1, logistic regression obtaining 45.16% against 42.00%.
Gaussian naive Bayes reaches an APC sensitivity of 0.5017 by
predicting the class liberally, at the lowest overall accuracy in
the table. The weak inter-patient performance is therefore not
specific to the Random Forest: all classifiers remain poor for
LBBB and none exceeds 0.40 RBBB sensitivity, although
classifier choice materially affects APC. The justification for
Random Forest rests on its intra-patient behaviour and its
direct feature attribution, not on superiority under the primary
protocol.

4.7. Subject Coverage or Representation? A

Diagnostic Experiment

Section 4.3 showed that LBBB, RBBB and APC transfer
poorly under the DS1/DS2 protocol, and identified limited
subject coverage as the candidate explanation for the first two.
Coverage and a representational limit produce identical
numbers in fable 4, so they were separated experimentally.

DS1 contains LBBB beats from two records (109, 207) and
RBBB beats from three (118, 124, 207); DS2 contains LBBB
from two (111, 214) and RBBB from three (212, 231, 232). In
the experiment reported here, the number of training subjects
carrying a class was increased by moving one or two records
from DS2 into training, and sensitivity was then measured on a
single remaining held-out subject. This procedure deliberately
breaks the DS1/DS2 protocol and is therefore reported
separately; it is a diagnostic and not a performance estimate,
and none of the figures in sections 4.3 to 4.6 depend on it.

Table 9. Subject-coverage diagnostic. Sensitivity on a
single held-out subject before and after increasing the
number of training subjects carrying the class; the number
of such subjects is given in parentheses

Class Held-out Sensitivity, baseline —
record increased coverage

RBBB 231 0.5419 (3) — 0.9178 (5)

RBBB 232 0.0354 (3) — 0.4798 (5)

The two classes respond differently to the same intervention.
RBBB sensitivity rises substantially on two of the three test
subjects, which is the behaviour expected when the constraint
is how many individuals the classifier has seen. LBBB
sensitivity does not move on either test subject.

Three further results place the LBBB failure outside subject
coverage. It is 0.0003 in all sixteen configurations of the DS1
selection grid (table 2), so it is present within DS1 alone and is
not a property of the particular DS2 records. It is at or below
0.0002 in all three ablation configurations, morphology only,
RR only and combined (table 6), so it is not a consequence of
the feature combination. And no classifier in table 8 exceeds
0.0323, so it is not a property of the Random Forest. The 61-
dimensional single-lead representation used here does not
transfer LBBB morphology across subjects.

This is a limitation of the representation and not of the task.
Shi et al. [25], separating the same five MIT-BIH classes
under an inter-patient division of their own construction,
report 27.9% LBBB sensitivity from a 14-dimensional region-
based representation, the lowest of their five classes but three
orders of magnitude above the value obtained here.

Record 212 does not follow the RBBB pattern, remaining
below 0.01 in both conditions. Additional coverage helps two
of the three RBBB test subjects and not the third, so the effect
is not uniform across subjects within a class.

4.8. Class Imbalance and APC Error Analysis

Two families of remedy were tested under both protocols,
applied to training data only; the held-out fold and DS2 are
never resampled (table 10).

Table 10. Class-imbalance handling. Under sampling
rows are mean = SD over ten random seeds

Intra-patient Inter-patient
Strategy .
Accuracy M;c]ro Accuracy | Macro-F1 | RBBB | APC
None (proposed) 98.42% | 95.44% 80.80% 42.00% 0.2004 | 0.0023
class_weight =" o¢ 500, | 95.50% | 79.93% | 36.47% |0.0181 |0.0000
balanced
Random 98.71% | 96.14% | 79.91% | 36.37% |0.0115 |0.0012
oversampling
Under sampling 1x | 94.96% | 88.97% [77.89 +0.83|45.40 = 1.01| 0.4206 | 0.1000
Under sampling 2x — — 80.01 +0.44| 45.93 + 0.52( 0.4099 | 0.0653
Under sampling 4x — — 81.03 £0.37 45.62 £ 0.70( 0.3906 | 0.0395
Under sampling 8x — — 81.08 £0.39 44.45 + 1.41| 0.3485 | 0.0157
Under sampling 16X — — 80.78 £ 0.301 42.57 + 1.15| 0.2546 | 0.0048

Ratios denote the maximum retained count per class as a
multiple of the smallest class in DS1, which contains 800 APC
beats. Classes exceeding the specified cap are randomly
undersampled, whereas classes below the cap are retained
unchanged.
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Under sampling works differently, reducing the dominance of
the more frequent classes rather than duplicating minority-
class observations. A twofold cap, limiting each class to 1,600
training beats, gives the best macro-F1 in the sweep at 45.93 +
0.52%, a gain of 3.93 points over the under sampled model. It
is reported as a post-hoc experiment rather than adopted, since
it would require different training procedures for the two
protocols and the 1x setting reduces intra-patient macro-F1 to
88.97%. LBBB stays at or below 0.0022 under every method
and ratio tested, so no imbalance remedy addresses that class.

APC error analysis. Under the intra-patient protocol, 551 of
the 2,536 APC beats, or 21.73%, are labelled Normal, with a
further 0.55% assigned to PVC and 1.93% to RBBB. The RR
distributions qualify the explanation offered in the previous
version of this manuscript. Normal beats have a median RR of
0.7472 s, with a fifth to ninety-fifth percentile range of 0.5333
to 1.1861 s, and APC beats a median of 0.6861 s over the
range 0.3806 to 0.7583 s. Some 68.22% of APC beats
therefore fall inside the central band of the Normal
distribution, so the single RR feature does not separate the two
classes for most APC beats. Published systems using RR
intervals normalized against local and global moving means
report substantially stronger supraventricular results under this
protocol [26], which identifies the unnormalized interval used
here as one target for revision.

4.9. Feature Importance and the Scope of
Interpretability

Interpretability is claimed here in a restricted sense. The fitted
forest admits global, model-level attribution, which
characterises the model as a whole. It does not explain why an
individual beat received a particular label, and it is not
evidence of clinical relevance. Per-beat attribution and its
clinical validation lie outside the scope of this work.

Two methods are reported because they disagree, and the
disagreement is itself the finding. Mean decrease in impurity is
computed by the forest on its training data and is known to
favour continuous features of high cardinality; permutation
importance, the drop in macro-F1 when a single feature is
shuffled, is not subject to that bias. The first attributes 5.97%
of total importance to the RR interval and 94.03% to the
morphological block, the second 58.35% and 41.65%
respectively. Both rank the interval first among all 61 features,
so describing it as the most important individual feature is
supported, but neither share should be quoted on its own.

The disagreement arises from the correlation structure:
impurity spreads morphological importance across sixty
correlated  positions, while permutation finds each
morphological sample compensated by its neighbours whereas
the interval has no substitute. The ablation of section 4.5
arbitrates, since it removes a feature block rather than
perturbing one coordinate: deleting the interval costs 4.62
macro-F1 points and deleting the morphological block costs
67.24. The decision is morphology-dominated, with the
interval a small non-redundant addition. Figure 6 maps
morphological importance onto time; both methods

International Journal of

Electrical and Electronics Research (IJEER)
Research Article | Volume 14, Issue 3 | Pages 796-806 | e-ISSN: 2347-470X

concentrate it after the R-peak, though impurity peaks between
+47ms and +58ms and permutation between +22ms and
+50ms. This is a temporal location only. The earlier version
associated these positions with the ST segment and the T
wave; that association is not supported, since at typical heart
rates they fall within the terminal QRS rather than in
repolarization, and it has been removed. Because adjacent
samples are correlated, individual per-sample rankings should
not be over-interpreted.

§ Morphological feature importance by sample position
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Figure 6. Morphological feature importance by sample position
relative to the R-peak, by both methods

4.10. Computational Cost

All timings are medians of seven repeats on an Intel 12-core
desktop CPU under Windows 11. Single-beat inference is
measured with parallelism disabled, since for one row it is 2.4
times slower than a single thread. These measurements
characterize a forest of the selected configuration fitted on all
97,876 beats. The final inter-patient model is instead fitted on
the 48,434 DS1 beats; its model size and training time were
not separately characterized. Of the 3.2066 ms single-beat
latency, 3.1955 ms is a fixed per-call framework overhead and
0.0111 ms is the classification itself, so 99.7% of the measured
latency is overhead rather than computation; the single-beat
processing margin is computed from the conservative single-
beat value. The depth cap was retained on size grounds as
well: an unbounded forest of the same width occupies 4.38
MB more without improving macro-F1 within DS1.

“ Table 11. Measured computational characteristics

Quantity Measured value
Trees / depth / total 100 / 30 (cap reached by every tree) /
nodes 367,102

Nodes per tree 3,233-4,157 (median 3,698)

Serialized model size 36.45 MB (7.87 MB compressed)

Training time, 97,876

beats 13.66 s
Feature extraction per 0.0209 ms
beat

Inference: single beat /

batched 1000 3.2066 ms / 0.0111 ms per beat

Total per beat, single- 3.227 ms, i.e. 0.65% of the 500 ms

beat processing interval at 120 bpm (155X margin)

On embedded deployment, no low-power hardware was tested
in this work, and a serialized model of 36.45 MB does not fit
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the flash memory of a typical microcontroller. Energy
consumption per beat is not reported either: the measurements
were obtained on a general-purpose desktop CPU, where
energy figures do not transfer to the low-power processors
used in ambulatory monitoring. Embedded operation is
therefore described as a future validation target rather than a
demonstrated result, and quantitative embedded claims have
been removed from this manuscript. What the measurements
do support is that classification of a segmented beat consumes
less than 1% of the available interval at 120 bpm on a desktop
processor.
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4.11 Comparison with Previous Studies

Table 12 places this work alongside representative studies,
subject to an explicit caveat: the rows are not directly
comparable. The studies differ in validation protocol, class
definition, number of classes and evaluation metric, and any of
these can move reported accuracy by more than the differences
between the methods themselves. The protocol column is the
most consequential, since intra-patient and inter-patient figures
on MIT-BIH do not measure the same quantity; the 53.44-
point macro-F1 gap between Sections 4.3 and 4.4 illustrates
this. No claim of superiority is made on the basis of raw

accuracy.

Table 12. Comparison with prior work; protocols differ and rows are not comparable

Reported
Ref. Protocol Classes Feature Dim. Classifier Computational Cost
Construction Performance
Inter-patient Wav?tlletzrxljlacl)s& e 94.4% accuracy,
[3] P 4 AAMI N Not stated | Ensemble of SVMs 65.26% mean Not reported
DS1/DS2 morphological sensitivi
features ty
7 parametric
Beat-level, 10- | 15 MIT- | morphology features _ N
[4] fold BIH + VMP-QRS visual- 8 kNN (k=31) 97.7% accuracy Not reported
pattern feature
. 4 log-RR, 4 .
[6] Inter-patient 3 AAMI morphological 10 Linear discriminant Se: N 94.5, § 92.5, 2.6 ms/beat
DS1/DS2 . V 88.6 *
statistics, 2 HOS
LBP, HOS, CM, .
81 | Siﬁtﬁiﬁg . [4AAMI | HBF, DWT,RR 131 ]\]grﬁig’rﬂtg‘rzeif 99.67% accuracy Not reported
intervals
pre/post-RR, PR,
[11] Patient- 3 AAMI RT and QRS 15 Weighted Random F1: SVEB 81.05, 68 bits/beat feature
specific intervals + P/QRS/T | (reported) Forest VEB 97.07 * storage
abstract vectors
Region-based N .
Inter-patient, 5 MIT- P/QRS/T features + Ensemble of KNN, 751'.55]3%:]?;% >
[25] |author-defined BIH RR ratio; 14 SVM, DT, RF + RBBB 79.6 AP’C Not reported
split DWT/PCA in QRS secondary SVM ’1 8 ’
region ’
. Derivative of 64 98.18% accuracy,
[26] hgesrir/)gézm 3 AAMI | samples; normalized 64 +4 Matchg;f;]lter 1D 91.90% mean 15 KB, <1 ms/beat
RR sensitivity
Inter-patient 80.80% (macro-F1
This DSI})DS2' 5 MIT- 60 samples + 1 42.00%) inter-
work | beat-level ;_ BIH single unnormalized 61 Random Forest patient; 98.42% 36.45 MB, 3.227 ms/beat
fold RR (95.44%) beat-
level
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ER)

“Accuracy not reported in the source.” Model size and
inference time were reported for variants evaluated on
embedded hardware; the accuracy figure is from the best-
performing variant in the study.

One distinction matters particularly: in the AAMI grouping,
class N absorbs LBBB and RBBB, so studies using AAMI
classes do not face the discrimination problem examined here.
Only [25] separates the same five MIT-BIH classes under
record-level separation, and does so under an author-defined
split constructed to balance the classes across training and test
sets, which DS1/DS2 does not.

Subject counts are reported only where explicitly available
from the cited study; the protocol column identifies the
reported evaluation design, and results obtained under
different protocols are not treated as directly comparable.

4.12. Limitations

Inter-patient generalization is limited to two of five classes,
and the system is not suitable for use on LBBB, RBBB or
APC. For RBBB, limited subject coverage appears to be a
major contributor, though not uniformly across subjects; for
LBBB the constraint is the representation itself. Segmentation
depends on expert annotations, so end-to-end performance is
unknown. The standard de Chazal partition is retained for
comparability, but records 201 and 202 originate from the
same subject and fall in DS1 and DS2 respectively, a known
exception to complete subject-level separation that has been
noted in the literature [22] and avoided in some later divisions
[25]. Record-level normalization requires the complete
recording and is therefore offline. The £83.3 ms window
excludes the P and T waves. Timing was measured on a
desktop processor only, energy was not measured, the 36.45
MB model exceeds typical microcontroller memory, the SVM
baseline used a 20.4% subsample, and no cross-database
evaluation was performed, so generalization beyond MIT-BIH
is not demonstrated.

5. CONCLUSIONS

This work evaluated a  6l-dimensional heartbeat
representation, 60 morphological samples spanning +83.3 ms
about the R-peak plus one RR interval, with a Random Forest
classifier, under both the standard de Chazal DS1/DS2 inter-
patient protocol and beat-level cross-validation, on 97,876
beats from 45 MLII records of the MIT-BIH Arrhythmia
Database.

Under record-level separation the system attains 80.80%
accuracy and 42.00% macro-F1, with the configuration
selected within DS1 alone. Normal and PVC retain high
sensitivity on DS2, at 0.9864 and 0.9139, whereas LBBB,
RBBB and APC do not, at 0.0002, 0.2004 and 0.0023, and the
causes differ. RBBB sensitivity improves substantially on two
of three held-out subjects when more training subjects carry
the class, which identifies limited subject coverage as a major
contributor rather than a wuniform explanation. LBBB
sensitivity does not respond to subject count, to any
configuration in the selection grid, or to any feature subset,
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and remains poorly recognized across all five classifiers tested,
so this representation does not transfer LBBB morphology
reliably across subjects. APC is constrained by class
frequency, at roughly 45 to 1 against Normal in DS1; class
weighting reduced its sensitivity, while under sampling
improved inter-patient macro-F1 at a cost to intra-patient
performance.

Under the beat-level protocol the same system reaches 98.42%
accuracy and 95.44% macro-F1. The 53.44-point macro-F1
gap illustrates the magnitude of the difference between the two
evaluation settings rather than providing a pure estimate of
protocol effect. The ablation shows the feature types to be
complementary: the RR interval alone only slightly exceeds
the majority-class baseline under the intra-patient protocol and
falls below it under the inter-patient protocol, yet adding it
raises macro-F1 by 4.62 and 5.19 points. Single-beat
classification requires 3.227 ms on a desktop processor, and no
embedded hardware was tested.

Future work follows from these limitations: a QRS
detection front-end and quantification of its effect; cross-
database evaluation; an RR construction normalized against
local and global moving means, reported as substantially more
effective for supraventricular classes; and implementation on
low-power hardware.
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