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1 Abstract
1.1 Background

Motor units (MU) are the fundamental building blocks of movement, and reliably
identifying the same MU across recordings is essential for neuroscience, rehabilita-
tion, and neural interface research. Two mainstream methods for this purpose, spike
train matching and waveform tracking, are widely used and often assumed to be
interchangeable, yet this assumption has never been thoroughly tested.

1.2 Methods

We first decomposed MU activities from two independent datasets, utilizing the high-
density surface electromyography (HDSEMG) decomposition technique. Then, to build
up the agreement for comparing these two tracking methods using the MUs’ activi-
ties, we decomposed them within the same experimental trial. The comparison was
performed in two settings: first, the agreement between the two methods was evalu-
ated using the real decomposed data and the simulated data. Then, the agreement
between the two methods was evaluated using the real decomposed data.

1.3 Results

Analyzing over 14,000 motor units across two independent datasets, this study
demonstrates that the two methods are not interchangeable, that their agreement
depends critically on threshold selection and dataset characteristics, and that no single
threshold works across datasets.

1.4 Conclusions

These findings demonstrate that the two methods are not interchangeable, that a high
waveform similarity score alone does not guarantee MU identity, and that applying a
fixed universal threshold is inappropriate. Dataset-specific calibration through a pilot
study is necessary before either method is applied, with direct implications for pros-
thetics, rehabilitation, and neuromuscular disease research. These findings challenge
decades of standard practice and establish that dataset-specific calibration is necessary

2 Keywords

Motor Unit, SEMG Decomposition, Rate of Agreement, Waveform Tracking, Spike
Train Matching, Network Analysis, Graph Theory

3 Introduction

In the human peripheral nervous system (PNS), a MU counsists of an alpha motor
neuron and all the muscle fibers it innervates, creating the smallest functional unit of
muscle force production. The electrophysiological activity of the MU, including motor
unit spike trains (MUST) and motor unit action potential (MUAP) waveforms, serves
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as critical intermediate information that can be used to assess the health and structural
integrity of an individual’s PNS and muscle 2. Consequently, reliable identification
and longitudinal tracking of the same MU can play a crucial role for neuroscience,
kinesiology, and rehabilitation, as it helps in understanding how characteristics of
a specific MU change in response to medical interventions?®, disease®, or physical
training®.

To identify the same MU over time, researchers record electromyography (EMG)
from either the target muscles directly (intra-muscular EMG, or iEMG) or the over-
lying skin surface (surface EMG, or sEMG), decompose the recordings to extract
MUSTS, and obtain MUAP waveforms via spike-triggered averaging (STA)S. Upon
decomposition, three methods can be used to identify the same MU across different
time scales. Spike train matching” computes the ratio of overlapping spikes between
two MUSTSs within the same trial, determining MU uniqueness by comparing this ratio
against a threshold. Filter tracking®® ¥ reuses the separation vectors (also known
as MU filters) learned during decomposition of one trial to extract MUs in other tri-
als, enabling cross-trial MU identification. Waveform tracking®% 1114 applies STA to
obtain MUAP waveforms from each decomposed trial and determines MU identity by
comparing waveform similarity scores against a threshold.

These three methods operate on different time scales, which determines when
each can be applied. Spike train matching is generally restricted to within a single
trial 157 because it relies on exact spike timing, which is unlikely to be preserved
across trials®'®; it is therefore primarily used to identify and remove duplicate MUs
within a trial'®16:1921 or to validate SEMG decomposition against iEMG decom-
position in two-source validation protocols!®'7. Filter tracking'?2??, conversely, can
only be applied across trials, since separation vectors within a single trial are derived
to produce non-identical MUs by construction. Waveform tracking is the most flexi-
ble, applicable both within?3 and across'? trials. Consequently, within a single trial,
researchers may use spike train matching'®!'” or waveform tracking?3; across tri-
als, they may use filter tracking®2?, waveform tracking'''314, or both3*. These
approaches can also be combined, where spike train matching first removes within-trial
duplicates before waveform- or filter-based tracking is applied across trials?C.

Given that spike train matching and waveform tracking can both be applied within
the same trial, it is unclear how their outcomes relate to one another. Two funda-
mental challenges have prevented researchers from establishing this connection. First,
each method uses a distinct metric: spike train matching uses the rate of agree-
ment (RoA)!>10 to quantify the ratio of overlapping spikes between two MUSTsS,
while waveform tracking uses the cross-correlation coefficient (XCC)® to quantify
MUAP waveform similarity. The correspondence between RoA and XCC is unknown.
Second, both methods rely on a threshold to determine whether two MUs are the
same, yet there is no consensus on appropriate values. Reported thresholds vary
widely, from 30% 2:16:19-21 5 50%724 or even 90% "'7 for RoA, and from 0.72%26 to
0.811:13:14 or 0.99 for XCC. Moreover, applying a uniform threshold across all MUs
ignores well-established variability in discharge patterns across MUs?” and across task
conditions?®, suggesting that fixed thresholds may be fundamentally inadequate.
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Beyond the challenges of metric correspondence and threshold selection, both
methods share a deeper limitation: pairwise comparisons of MUs are evaluated in isola-
tion, discarding the broader connectivity structure that emerges when all decomposed
MUs are considered simultaneously. This connectivity information can be naturally
represented as a graph, in which nodes correspond to individual MUs and edges encode
pairwise similarity (measured by RoA or XCC). Applying thresholds to the edges
yields a sparse graph whose properties can be analyzed using network neuroscience
tools, enabling the extraction of higher-order structures such as MU communities?®.
Such representations have proven useful for studying common synaptic input3°, MU
functional connectivity®!', and duplicate removal®?. Critically, this graph framework
provides a principled basis for comparing the outcomes of spike train matching and
waveform tracking not only locally, at the level of individual pairs, but globally, across
the full structure of MU relationships.

In this paper, we examine how spike train matching and waveform tracking
correspond to one another within a single trial, using both simulated and experimen-
tally decomposed MU data. Leveraging the graph representation described above, we
evaluate agreement at three levels: edge-level agreement, which quantifies pairwise
correspondence between RoA and XCC; node-level agreement, which quantifies con-
sistency in assigning individual MUs to the same group; and group-level agreement,
which quantifies the overlap between MU communities identified by each method.
Agreement is evaluated systematically across a range of threshold combinations for
both methods. We demonstrate two principal findings. First, RoA and XCC are non-
linearly correlated, with XCC variability decreasing as RoA increases, revealing that
the two metrics do not vary equivalently and cannot be used interchangeably. Second,
the agreement between methods is both threshold-dependent and dataset-dependent,
with consistent patterns observed across all three graph levels, indicating that apply-
ing fixed universal thresholds is inappropriate and that dataset-specific calibration is
necessary before deploying either method. Together, these findings provide the first
systematic evidence linking spike train matching and waveform tracking and present
a graph-based framework for evaluating MU identification methods that is broadly
applicable to future studies.

4 Methods
4.1 Dataset

Two open-source datasets were used in this study: the Hyser dataset®? and the
CEMHSEY dataset 3.

4.1.1 The 1DoF-Hyser dataset

The 1DoF and MVC sub-datasets of Hyser were used for this study (referred to
as 1DoF henceforth). The MVC sub-dataset was used solely to normalize the load
cell voltage readings into Maximum Voluntary Contraction (MVC) values; only the
force recordings from this sub-dataset were used. Forces from both sub-datasets were
recorded using an S-type bidirectional load cell (SAS Load Cell, Huatran, China) at
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a sampling rate of 100 Hz. The 1DoF sub-dataset includes 256 channels of HD-sEMG
(Quattrocento, OT Bioelettronica, Italy) and force recordings, with HD-sEMG sam-
pled at 2048 Hz. Data were acquired from 20 subjects across two days, with each
finger tested individually. Each finger underwent three repetitive contractions. Sub-
jects performed a single-digit triangular isometric contraction for each trial, ranging
from +30% MVC (extension) to —30% MVC (flexion) over 25 seconds. HD-sEMG
recordings were collected from the extensor and flexor muscles of the right forearm
using four 8x8 surface electrode arrays, each with a 10 mm inter-electrode distance.
Two arrays were placed side by side on the extensor side of the forearm, and two on
the flexor side with the same layout. A subset of the dataset was selected for analysis,
comprising recordings from subjects 1 to 10, collected on both days, using channels
from electrode grids on Extensor Digitorum Communis (EDC, channels 65-128) and
on Flexor Digitorum Superficialis (FDS, channels 193-256).

4.1.2 The GRASP-CEMHSEY dataset

The GRASP sub-dataset of CEMHSEY was used for this study. It contains recordings
from 10 subjects performing an isometric gripping task over 11 days, spanning 7
gripping gestures, 3 contraction levels, and 2 trials per contraction level. Force was
recorded using a hand grip dynamometer (G200, Biometrics Ltd, United Kingdom) at
200 Hz. HD-sEMG was recorded using the same device and sampling rate as the 1DoF
dataset. Details of electrode placement are provided in Yang et al.?*. A subset of the
dataset was selected for analysis: recordings involving the cylindrical grasp (session 1)
collected on days 1 and 2, using channels from the electrode grids on EDC (channels
1-64) and on FDS (channels 129-192) for all 10 subjects.

4.2 MU activity and characteristic acquisition

Two types of MU activity, MUST and MUAP waveform, were acquired using
HD-sEMG decomposition '® and spike-triggered averaging®, respectively.

4.2.1 HD-sEMG decomposition and MUST acquisition

A fast-ICA-based MU decomposition algorithm3°, combined with the CKC separation
vector update technique '43¢, was used to decompose HD-sEMG signals into multiple
discrete MUSTSs, where each MUST corresponds to a single MU.

Prior to decomposition, the HD-sEMG signals were zero-phase filtered using a
4th-order IIR Comb Notch Butterworth filter to remove 50 Hz power-line interfer-
ence, followed by zero-phase filtering using a 4th-order Bandpass Butterworth filter
with a bandwidth of 20-500 Hz3:37. Automatic channel evaluation was then applied
to remove the 5% worst channels, with the discard criterion based on the median
correlation coefficient across all channels?®.

The filtered signal was whitened and decomposed with the following parameters:
extension factor 17; ZCA whitening ¢ = 0; 50 iterations per contraction window;
minimum total spike count of 40; SIL threshold > 0.5. The PNR threshold and the
coefficient of variation of the inter-spike interval (CoVISI) threshold were not applied.
The SIL threshold was set to the minimum value reported in the literature?*, with
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SIL values considered critical for evaluating decomposition separability 3. Subsequent
inspection confirmed that 95% of decomposed MUs had SIL values distributed between
0.84 and 0.99 (1DoF: 0.85 < SIL < 0.98; GRASP: 0.84 < SIL < 0.99). Each combina-
tion of subject, day, gripping gesture (if applicable), finger (if applicable), contraction
level, trial, and muscle was decomposed independently. Each contraction segment
starts with the first instance exceeding 1% MVC and ends with the last instance
exceeding 1% MVC. Duplicate removal, expert inspection, and manual editing were
not applied after decomposition.

4.2.2 MUAP waveform acquisition

Monopolar MUAP waveforms were computed using the spike-triggered averaging
(STA) algorithm® within a 50-ms rectangular window centered on each spike, applied
across all electrodes®. Longitudinal single-differential (LSD) MUAP waveforms were
then obtained by applying the LSD spatial filter to the monopolar MUAP waveforms,
computed by subtracting each channel’s signal from that of its distal neighbor4°.

4.2.3 MU characteristic calculation

Three MU characteristics were computed from the decomposed MUST or MUAP
waveform to provide additional validation information. The inter-spike interval (ISI)
was first derived from the MUST as ISI; = t;11 — t;, where t; is the time index of
the i-th spike. ISIs shorter than 25 ms (40 pps) or longer than 167 ms (6 pps) were
excluded from further calculation '®.

The three characteristics are defined as follows. The instantaneous discharge rate
(IDR, in peaks per second)** was computed as IDR = 1/ISI, measuring how rapidly an
MU discharges. The coefficient of variation of the inter-spike interval (CoVigy)'® was
computed as CoVisr = ors1/past, where orgr and pysp are the standard deviation and
arithmetic mean of the ISI, respectively; for humans performing isometric contractions,
CoVigr is typically no larger than 0.3%2. The peak-to-peak voltage of the MUAP
waveform was computed for every electrode in the array; the maximum value across
all electrodes was taken as the representative peak-to-peak value for that MU, which
can be used to infer MU depth*3, or MU territory 4.

4.3 Low-level MU pair relations acquisition

4.3.1 Spike train matching

The RoA was used to quantify the similarity between a pair of MUSTs6:36:
RoA = e x 100% (1)
Al + B[ = [C|

where A4 and B denote the sets of spike time indices for MU A and MU B, respectively;
C = AN B is the set of coincident spikes; and | - | denotes the cardinality of the set.
A tolerance of £0.5 ms (£1 sample at 2048 Hz) was applied when computing spike
coincidences.
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Prior to matching, lagging correction was applied by shifting one spike train relative
to the other by the lag that maximized their correlation, computed over a range of
—25 ms to +25 ms without jitter %3745, Two MUSTs were considered identical if

their RoA exceeded a specified threshold. Commonly used values in the literature are
30% 15,16,197217 50(%)247 and 90% 7,17.

4.3.2 Waveform tracking

The XCC of the flattened MUAP waveform was used to quantify the similarity between
a pair of MUAP waveforms®. The LSD MUAP waveform of each MU was first flattened
into a 1D vector along the muscle fiber direction. XCC was then computed between
each pair of flattened waveforms with lagging correction applied within a +£100 ms
window, and the maximum XCC after lag correction was taken as the MUAP similarity
value for that pair. Two MUAP waveforms were considered identical if their XCC
exceeded a specified threshold. Commonly used values are 0.72%:26, 0.811:13:14 and
0.99.

4.4 Higher order MU relational structure acquisition

Pairwise comparisons using spike train matching or waveform tracking assess
whether two MUs are identical by evaluating their spike train overlap or MUAP
waveform similarity. These pairwise similarity values, obtained through exhaustive
comparison of all MU pairs within a decomposed MU set, can be naturally represented
as a weighted graph??, where each node corresponds to an MU and each edge encodes
the similarity between the connected pair (Fig. 1a). This graph-based representation
captures the full relational structure of the MU set, enabling analysis not only at the
level of individual pairs but also at the level of MU groups and communities.

Three graph representations were used to encode different aspects of this relational
structure. The weighted graph encodes all pairwise similarity values as continuous
numbers between 0 and 1. The binary graph encodes whether each pair is considered
identical (1) or distinct (0), obtained by thresholding the weighted graph. The con-
nected components of the binary graph encode how MUs cluster into groups, with
each component representing a set of mutually connected MUs.

4.4.1 Decomposed MU set

The higher-order relational structure was computed within a decomposed MU set,
defined as the collection of MUs obtained from decomposing the HD-sEMG recording
for a specific experimental condition (subject, day, gripping gesture if applicable, finger
if applicable, contraction level, trial, and muscle). After decomposition, 600 decom-
posed MU sets were obtained from the 1DoF dataset and 240 sets from the GRASP
dataset.

4.4.2 Comparison matrix and weighted graph

After performing spike train matching or waveform tracking between all possible MU
pairs within a decomposed MU set, the results were organized into a square symmetric
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Fig. 1 Paradigm for graph-based data acquisition and agreement quantification using the real decom-
posed MUs. a. Pairwise comparisons within the decomposed MU set yield a symmetric comparison
matrix, which corresponds directly to a weighted graph. Circles represent individual MUs (nodes);
edges encode pairwise similarity (RoA or XCC). Red: spike train matching; Blue: waveform tracking.
Self-comparisons (diagonal) are set to 0. Only the upper triangular portion of the matrix is shown.
b. left RoA comparison matrix (red) and XCC comparison matrix (blue). Matrices are color-coded;
darker colors indicate higher similarity values. b. middle Thresholding operation converting the com-
parison matrix into a binary adjacency matrix. Different threshold values yield different adjacency
matrices. b. right Adjacency matrix. A colored block indicates a valid connection (identical MU
pair); a white block indicates no connection (distinct MU pair). c. Jointly plotting RoA and XCC
from pairwise comparisons enables examination of how spike train matching and waveform tracking
remove edges differently. Red vertical line: RoA threshold. Blue horizontal line: XCC threshold. Four
regions are defined by the two thresholds. Region 1: RoA > RoAThreshold and XCC > XCCrhreshold
(agreement: both methods identify the pair as identical). Region 2: RoA < RoAThyeshold and XCC
> XCCrhreshold (disagreement: waveform tracking identifies as identical, spike train matching does
not). Region 3: RoA < RoAThreshold and XCC < XCCrrhyreshold (agreement: both methods identify
the pair as distinct). Region 4: RoA > RoAThreshold and XCC < XCCrhreshold (disagreement: spike
train matching identifies as identical, waveform tracking does not). Edge-level agreement is defined
as the fraction of pairwise comparisons in Regions 1 and 3. d, e. Each adjacency matrix corresponds
to a binary graph. Cluster analysis is used to assess graph similarities at the node level (d, symmetric
purity score) and group level (e, macro Jaccard index).

matrix, referred to as the comparison matrix (Fig. la). The number of rows and
columns equals the number of MUs in the set, and each entry A;; encodes the RoA
(or XCC) between the i-th and j-th MU as a value between 0 and 1. The diagonal
elements are set to 0, since self-comparisons are excluded. Each comparison matrix
corresponds directly to a weighted graph?’, in which each row (or column) corresponds
to a node and each off-diagonal entry corresponds to the weight of the edge connecting
the corresponding pair of nodes.
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4.4.3 Adjacency matrix and binary graph

A binary adjacency matrix was obtained by thresholding the comparison matrix:
entries exceeding the specified threshold were set to 1 (indicating an identical MU
pair), and all others were set to 0 (indicating a distinct pair) (Fig. 1b). The diagonal
elements of the adjacency matrix remain 0. Each row (or column) of the adjacency
matrix corresponds to a node in the binary graph, and each entry encodes the presence
or absence of an edge, thereby encoding the graph’s connectivity structure. Because
this thresholding operation is equivalent to the decision step in spike train matching
or waveform tracking, the adjacency matrix directly represents the output of either
method at a given threshold.

4.4.4 Connected components and the MU group acquisition

MU groups were identified by extracting the connected components of the binary
graph?®. Two MUs connected by an edge in the binary graph are assigned to the
same group, and the full set of connected MUs forms a group representing a set of
mutually identified MUs. This procedure can be regarded as a form of clustering: both
spike train matching and waveform tracking implicitly partition the decomposed MU
set into groups, with the specific partition depending on the method and threshold
applied.

4.5 Analysis framework

4.5.1 Correlation study between RoA and XCC using simulated
data

To study how the RoA used in spike train matching and the XCC used in wave-
form tracking relate to one another, both metrics must be computed from MU pairs
of known identity. Because both the 1DoF and GRASP datasets contain only sEMG
recordings without concurrent iEMG ground truth, MU identity cannot be indepen-
dently verified from the data. To overcome this, artificial MUSTs were generated
from each real decomposed MUST by controlling RoA at nine levels (10% to 90%
in 10% increments). The XCC between each artificial MU and its reference was then
computed, with MU identity known by construction.

Artificial MU generation. The artificial MUST was generated by selecting a
subset of spikes from the real decomposed MUST and adding spikes at time locations
where the reference MU did not fire, in proportions determined by the target RoA.
Because the total number of spikes in the artificial MUST affects the RoA calculation
(see Section 4.3.1), two generation approaches were considered.

In the surrogate spike approach, the total number of spikes in the artificial MUST
was constrained to equal that of the reference decomposed MUST. Spikes were drawn
from the reference MUST to fill the shared portion, and the remaining spikes were
placed at time locations where the reference MU did not fire.

In the subset spike approach, the artificial MUST consisted solely of a subset
of the reference spikes, with no additional spikes added. This approach provides an



300

301

302

303

304

305

306

307

308

a C

Decomposed MU O L N T T T Y T T Y Y T A A A A A A B A |
0.9
10% %100 O LA I O B O [RRUART (RR}
20% %100 O i [ ] I w i (AR | 07
9 :
§ 30% x100 QO 111 [ A T [y o 7} | R T
& 40% x100 O 1ion o ooraen o QOs[Y - - Quadratic
® 2 Log Transform
gso% x100 O 1 | i [ P 03l - Exootonkal
S 60% x100 O [ I | | O | B B | il ¥
5 ‘
@ 70% %100 OQ vt b rE 11 01k
L
80% x100 O (RN ENE N LI I A I I B | L O I B B | 10% 30% 50% 70% 90%
90% =100 O L L N L O O O O N N |} LI I A | RoA
RoA Repetitions Waveform
| Reference MU Firing Location Fix Total Spike Numbers Cross-Correlation

|  Subset of MU Firing Location
| Random Location (Not Fire)

b d

Decomposed MU OIIIIIIIIIIIIIIIIIIII

10% %100
20% x100
30% =100
40% x100
50% =100
60% x100
70% =100
80% =100

Q
| = 7 Disaareement]
- 03
90% =100

9 9 0 9 9
RoA Repetitions Waveform 10% 30% a%ﬁ 70% 90%
Reference MU Firing Location Pick Subspikes Onl Cross-Correlation
| Subset of MU Firing Location

0.7 %

Subspikes

O00000000

Fig. 2 Paradigm for using simulated data to study the RoA-XCC correlation and evaluate agreement
between spike train matching and waveform tracking. a, b Artificial MU generation and MUAP
waveform XCC calculation between real decomposed MUs and generated artificial MUs. RoA was
controlled from 10% to 90% in 10% increments. Two approaches were considered: (a) surrogate spike
approach, in which the artificial MU has the same total number of spikes as the reference decomposed
MUST; and (b) subset spike approach, in which the artificial MU consists of a strict subset of the
reference spikes. For every MU, artificial MU generation was repeated 100 times, and the median
XCC across repetitions was used as the representative value. ¢ Data fitting between RoA and XCC
for each MU using four candidate models: linear mixed-effects (LME, red) model, LME model with
a quadratic term (blue), log-transformed LME model (cyan), and a nonlinear mixed-effects (NLME)
model with an exponential structure (magenta). Each dot represents the median XCC computed for
a specific MU at a specific RoA level. d Agreement quantification between spike train matching and
waveform tracking on the simulated data. Agreement at each RoA level was defined as the proportion
of artificial MUs whose XCC exceeded the waveform-tracking threshold. All artificial MUs are true-
positive matches by construction; data points below the threshold represent cases where waveform
tracking disagrees with spike train matching.

upper bound on the XCC achievable at each RoA level, since all artificial spikes are
guaranteed to be true spikes from the reference MU.

Artificial MUs were generated for every decomposed MU (1DoF: 10,429 MUs;
GRASP: 4,296 MUs) at all nine RoA levels and for both approaches, with 100
repetitions per MU per level.

MUAP Waveform XCC between real and simulated MUs. LSD MUAP
waveforms were computed for all MUs in the three sets: the original decomposed
MUs, the surrogate spike approach artificial MUs, and the subset spike approach
artificial MUs. XCC was then calculated between the original decomposed MUs and

10
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each artificial set (Fig. 2a, b). The median XCC across 100 repetitions was used as
the representative value for each MU at each RoA level.

Data fitting and model selection. To characterize the relationship between
RoA and XCC, four candidate models incorporating MU-specific random effects were
fitted to the data. Let 7 index the MU and j index the RoA level within that MU.

The LME model is (namely, linear):

XCC;j = (B1 + bii) RoA;; + (Bo + boi) + €ij (2)
The LME model with a quadratic term is (namely, quadratic):
XCCij = (B2 + bai) RoA; + (B1 + b1i) RoAyj + (Bo + boi) + €35 (3)
The log-transformed LME model is (namely, log-transformed):
XCCij = (B1 + bri) In(RoAj;) + (Bo + bos) + €35 (4)
The NLME model with an exponential structure is (namely, exponential):
XCC;; =1 —exp[(B + b;) RoA;;| + €5 (5)

In all models, 8 (with subscripts where applicable) denotes population-level fixed-effect
coefficients, b; (with subscripts where applicable) denotes MU-specific random effects,
and €;; ~ N(0,0?) denotes residual error. For the LME models, random effects on both
intercept and slope terms are assumed jointly normal with mean zero and variance-
covariance matrix D. For the NLME model, the scalar random effect is assumed
b; ~ N(0,%). Model selection was performed using the Bayesian Information Criterion
(BIC), with lower values indicating a better trade-off between goodness-of-fit and
model complexity.

4.5.2 Quantifying agreement on simulated data

Because the artificial MUSTs were generated from real decomposed MUSTs at
controlled RoA levels, every artificial MU is a true-positive match with its reference
by construction. Agreement between spike train matching and waveform tracking was
therefore quantified as the proportion of artificial MU pairs at each RoA level for which
XCC exceeded the waveform-tracking threshold (Fig. 2d). Artificial MUs whose XCC
falls below the threshold are counted as disagreements: spike train matching correctly
identifies them as identical to the reference, whereas waveform tracking does not.

4.5.3 RoA and XCC distribution analysis using decomposed MUs

For each pair of decomposed MUs within a MU set, RoA was computed via spike
train matching and XCC via waveform tracking. The joint distribution of RoA and
XCC was constructed by plotting RoA on the x-axis and XCC on the y-axis for all
pairwise comparisons (Fig. 1c). All pairwise comparisons were aggregated into a single
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overlaid plot (Supplementary Fig. ?7), and the marginal distributions of RoA and
XCC were obtained by projecting this joint distribution onto the respective axes.
Evaluation of dataset-dependent pattern To examine whether the marginal
or the joint distribution exhibits dataset-dependent patterns, we conducted a series
of evaluations. We first examine whether the marginal distributions exhibit dataset-
dependent patterns by comparing the RoA (or XCC) marginal distributions between
the two datasets. After determining whether the marginal distributions exhibit
dataset-dependent patterns, we then examined whether the correlation between RoA
and XCC also differs across datasets. To this end, Pearson correlation coefficients
(r1por and rgrasp) between RoA and XCC were first computed for each dataset. Then
we examine whether this correlation shows a significant difference between the two
datasets. Specifically, the correlation coefficients were first transformed using Fisher’s

z-transformation (z = 1 In(}2)), and the difference between the transformed values
was evaluated using a z-statistic with standard error SE = \/ - L — L
1DoF NGRASP—3

where n1por and ngrasp denote the number of paired observations used to compute
the correlation in each dataset. Finally, the corresponding p-value was obtained from
the standard normal distribution using a two-tailed test.

Evaluation of the model size of the marginal distribution of RoA or
XCC To assess modal size, we first use the Hartigan dip test*® to test whether each
marginal distribution violates unimodality. When unimodality was rejected, GMMs
with 1 to 6 components were fitted to the data to estimate the number of modes. The
optimal number of components was selected using BIC. During fitting, a regularization
value of 1076 and a maximum of 1000 iterations were used, with each model initialized
20 times. The modality of the distributions is directly relevant to whether thresholds
for spike train matching or waveform tracking can be determined analytically from
distributional properties”!7.

4.5.4 Quantifying edge-level agreement using decomposed MUs

Jointly plotting RoA and XCC for all pairwise comparisons defines a two-
dimensional plane that can be divided into four regions by the spike train matching
threshold (a vertical line at the RoA threshold) and the waveform-tracking threshold
(a horizontal line at the XCC threshold) (Fig. 1c):

Region 1: RoA > RoArhreshold and XCC > XCCrpyreshold- Both methods identify
the pair as identical (agreement).

Region 2: RoA < RoATpreshold and XCC > XCCryreshold- Waveform tracking
identifies the pair as identical; spike train matching does not (disagreement).

Region 3: RoA < RoAThreshold and XCC < XCCrpyreshold- Both methods identify
the pair as distinct (agreement).

Region 4: RoA > RoAThreshold and XCC < XCCryreshold- Spike train matching
identifies the pair as identical; waveform tracking does not (disagreement).

12



378

379

380

381

382

383

384

385

386

387

388

389

390

391

392

393

394

395

396

397

398

399

400

401

402

403

404

405

406

407

408

409

Edge-level agreement was defined as the proportion of pairwise comparisons falling
in Regions 1 or 3:

A ¢ #pairs in Regions 1 and 3 (6)
reemen =
& edge #total pairs

To examine how threshold selection affects edge-level agreement, both the spike train
matching threshold and the waveform-tracking threshold were searched from 0.01 to
0.99 in increments of 0.01, and edge-level agreement was computed at every threshold
combination.

4.5.5 Quantifying node-level agreement

Edge-level agreement quantifies pairwise consistency but does not directly reflect
how many MUs are assigned to the same group by both methods. Node-level agreement
was therefore defined as the average proportion of MUs clustered into the same group
by both methods, and was quantified using the symmetric purity score*”.

Given a decomposed MU set of N MUs, spike train matching yields a partition
into classes € = {C1,Ca,...,C,} and waveform tracking yields a partition into clusters
H ={K1,Kq,...,Ks}, where r and s are the total number of groups in each partition.
The symmetric purity score pp (%, %) is defined as the product of the purity score

P(€,#) and the inverse purity score P(#,%):

pp(€, K ) =P(€, #) x P(X,E) (7)
where 1
P(C.H) =+ Z max IC: N K5 (8)
P(H,E) = %Zm?xwi N K| )
J

The purity score measures how well the clusters yielded by waveform tracking agree
with the classes from spike train matching; the inverse purity score measures the
converse. Both spike train matching and waveform tracking thresholds were searched
from 0.05 to 0.95 in increments of 0.05, and node-level agreement was computed at
each threshold combination. The median symmetric purity score across all decomposed
MU sets was used as the representative node-level agreement value at each threshold
combination.

4.5.6 Quantifying group-level agreement

Node-level agreement, as quantified by the symmetric purity score, includes dupli-
cate MUs as part of the MU groups. Researchers may therefore question whether
this measure fully reflects agreement when only distinct MUs are considered, since
a decomposition with many duplicates could still yield high purity. To address this,
group-level agreement was defined as the average overlap between unique MU groups
identified by the two methods, and was quantified using the macro Jaccard index*® 0,

13



410

411

412

413

414

415

416

417

418

419

420

421

422

423

424

425

426

427

428

429

430

431

432

433

434

435

436

437

438

439

440

441

The macro Jaccard index computes the Jaccard index for each pair of matched
groups, then takes an equally weighted average across all groups. Prior to computa-
tion, MU groups identified by spike train matching and those identified by waveform
tracking were aligned by maximizing the number of overlapping MUs between cor-
responding group pairs. The Jaccard index for a matched pair of groups A and B

is:
_|ANB|

JAB) = g

(10)

The macro Jaccard index is then:

1
IMacro = 5 ; Ji> C= max(r, S) (11)

where C' is the maximum number of groups across the two methods, ensuring that
unmatched groups contribute a Jaccard index of 0 to the average. Both thresholds were
searched from 0.05 to 0.95 in increments of 0.05, and the median macro Jaccard index
across all decomposed MU sets was used as the representative group-level agreement
value at each threshold combination.

4.6 Statistical analysis

All statistical analyses were performed in MATLAB (MathWorks, Natick, MA; Version
R2024b). The significance level was set at o = 0.05. All data were initially tested for
normality using the Shapiro-Wilk test®!. For normally distributed data, results are
reported as mean + standard deviation. For non-normally distributed data, results
are reported as median + mean absolute deviation (MAD).

For pairwise comparisons, a paired t-test was used for paired normally distributed
data and a Wilcoxon signed-rank test for paired non-normal data. For unpaired com-
parisons, an unpaired t-test was used for normally distributed data and a Wilcoxon
rank-sum test for non-normal data. When comparing a single group against a speci-
fied value, a one-sample t-test or one-sample Wilcoxon test was applied depending on
the normality of the data. For comparisons among more than two groups, repeated-
measures ANOVA with Tukey’s HSD post hoc test was used for normally distributed
data, and the Kruskal-Wallis test with Dunn’s post hoc test for non-normal data.
Where multiple comparisons were performed, p-values were corrected using the
Bonferroni correction.

For data with non-unimodal distributions, the Hartigan dip tes was used to
confirm non-unimodality. Following confirmation, the optimal number of modes was
estimated by fitting GMM with increasing numbers of components and selecting the
component count that minimized the BIC.

t46
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5 Results

5.1 Relation examination and agreement calculation between
RoA and XCC using simulated data

Understanding how spike train matching and waveform tracking correspond
requires first establishing how their respective metrics, the spike train RoA and the
MUAP waveform XCC, relate to one another. A strong linear correlation between
the two would suggest that the methods yield similar predictions of which MU pairs
are identical; a weak or nonlinear correlation would imply divergent predictions,
complicating their correspondence.

To establish ground truth on MU identity, we generated artificial MUs from each
decomposed MU by augmenting its spikes while controlling RoA at nine levels (10%
increments from 10% to 90%), then computed XCC between each artificial MU and
its reference (see Methods 4.5.1). This simulation approach circumvents the need for
iEMG ground truth®2, as the identity relationship between each artificial MU and its
reference is known by construction.

We implemented MU decomposition on high-density sEMG (HD-sEMG) data from
two datasets: 1DoF, consisting of individual finger isometric contractions following
a triangular force trajectory>3, and GRASP, a multi-day dataset of hand isometric
gripping along a trapezoidal trajectory at different contraction levels®* (see Methods
4.1). Decomposition yielded 10,429 MUs across 600 MU sets for the 1DoF dataset and
4,296 MUs across 240 MU sets for the GRASP dataset.

5.1.1 RoA and XCC are nonlinearly correlated

We begin by examining the functional form of the relationship between RoA
and XCC across both datasets. Fitting XCC values at nine RoA levels using four
candidate models incorporating MU-specific random effects and selecting the best fit
via Bayesian Inference Criterion (BIC) (see Methods 4.5.1), we found that RoA and
XCC are nonlinearly correlated, with XCC increasing as RoA increases across both
datasets (Fig. 3a). This non-linear relationship holds for both datasets across both
approaches to generate artificial MUs (surrogate and subset spike; see Methods 4.5 for
details), indicating a significant population-level effect of RoA on XCC (p < .001; see
Supplementary Note 1, see Method 4.5.1), confirming that the relationship is robust
to the simulation method.

Importantly, the correspondence between RoA and XCC exhibits a dataset-
dependent pattern (Fig. 3b). For the surrogate spike approach, XCC values from the
1DoF and GRASP datasets diverge significantly when RoA > 50%, though effect sizes
remain small across all levels (Cohen’s r, || < 0.1; see Supplementary Note 2). For the
subset spike approach, significant differences between datasets were observed across all
nine RoA levels, again with small effect sizes (Cohen’s r, |r| < 0.1; see Supplementary
Note 2). These findings indicate that while the nonlinear form of the RoA-XCC rela-
tionship is consistent across datasets, its precise parameters are dataset-dependent,
with direct implications for the use of universal thresholds across studies.
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Fig. 3 RoA and XCC are nonlinearly correlated, with dataset-dependent agreement
that persists after duplicate removal (surrogate spike approach). a Relationship between
the spike train matching metric (RoA) and the waveform tracking metric (XCC), incorporating MU-
specific random effects. An exponential mixed-effects model provided the best fit in both datasets,
with RoA exerting a significant population-level effect on XCC (p < .001). Left: 1DoF dataset;
Right: GRASP dataset. b Distribution of XCC values at each controlled RoA level, with horizontal
lines indicating commonly used waveform-tracking thresholds. Data points above a given threshold
indicate agreement between waveform tracking and spike train matching; data points below indicate
disagreement. XCC variance is substantially higher at low RoA levels in both datasets. ¢ Mean
absolute deviation (MAD) of XCC at each RoA level, quantifying the decrease in XCC variability
as RoA increases. A significant negative linear relationship between MAD and RoA was found in
both datasets (p < .001). d Agreement between spike train matching and waveform tracking at
each individual RoA level, computed as the proportion of MU pairs between the reference MU and
the artificial MU for which both methods agree, given the applied waveform-tracking threshold.
Agreement varies substantially across RoA levels and across threshold values in both datasets. Left:
1DoF dataset; Right: GRASP dataset. e Edge-level disagreement recomputed after excluding MU
pairs with RoA > 30% (duplicate MUs 15 shown ap@ray dots), retaining only pairs considered distinct
by spike train matching. Disagreement between the two methods persists across all commonly used
waveform-tracking thresholds, even after duplicate removal. ***: p < .001; **: p < .01; *: p < .05.



483

484

485

486

487

488

489

490

491

492

493

494

495

496

497

498

499

500

501

502

503

504

505

506

507

508

509

510

511

512

513

514

515

516

517

518

519

520

521

522

523

5.1.2 XCC variability decreases with increasing RoA

Having established the nonlinear relationship between RoA and XCC, we next
examined how the variability of XCC changes across RoA levels. We found that XCC
exhibits substantially higher variability at low RoA levels, which decreases monoton-
ically as RoA increases (Fig. 3b, ¢). To quantify this trend, we computed the mean
absolute deviation (MAD) of XCC at each RoA level and performed a linear regression
of MAD on RoA. A significant negative relationship was found in both datasets and
both simulation approaches (surrogate spike approach: 1DoF: R? = 0.944, 3 = —0.13,
p < .001; GRASP: R? = 0.928, 3 = —0.17, p < .001; subset spike approach: 1DoF:
R? = 0.934, 8 = —0.13, p < .001; GRASP: R? = 0.906, 3 = —0.14, p < .001). The
high XCC variance at low RoA levels, particularly below 30%, means that a given
XCC value carries substantially less discriminative information when RoA is low.

5.1.3 Agreement varies at different RoA levels

Given that both XCC and its variability change significantly across RoA levels,
a globally applied waveform-tracking threshold cannot equally reflect the correspon-
dence between the two methods at all RoA levels. To quantify this, we calculated the
ratio of MU pairs for which both methods agree at each RoA level, across a range of
waveform-tracking thresholds (Fig. 3b, d; see Methods 4.5.2). More specifically, the
agreement assumption is that if the XCC of a pair of MUs is smaller than a certain
threshold (e.g., XCC <0.8), these pairs of MUs are considered to be different from
each other, regardless of the tracking method used.

We found that agreement varies substantially across RoA levels for both datasets
and both simulation approaches (Fig. 3d; Supplementary Fig. ??d). At high RoA (e.g.,
90%), a high XCC threshold (e.g., 0.9) guarantees complete agreement between the
two methods. However, this pattern breaks down at lower RoA levels: at 10% RoA,
XCC ranges from 0.1 to 1.0, making disagreement inevitable under any commonly
used waveform-tracking threshold. These results demonstrate that the applicability
of any fixed XCC threshold is fundamentally RoA-dependent, and that reporting
RoA alongside waveform-tracking results is essential for interpreting the degree of
agreement.

5.1.4 Disagreement is inevitable under any commonly used
waveform tracking threshold

Even after applying the standard practice of removing duplicate MUs, defined as
those with RoA exceeding 30% relative to a reference MU ®, persistent disagreement
between the two methods remains under all commonly used waveform-tracking thresh-
olds. Restricting analysis to MU pairs with RoA < 30% and applying XCC thresholds
of 0.7 and 0.9, disagreement dropped from 50% to 9% (1DoF) and from 50% to 13%
(GRASP), respectively (Fig. 3e). This result demonstrates that spike train matching
and waveform tracking cannot be used interchangeably, even under standard practice
conditions, thereby establishing the need for a systematic, data-driven framework to
characterize their correspondence.
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In both simulation approaches, no single XCC threshold achieves complete agree-
ment across the MU pool, except at the degenerate value of 0.1, which is inconsistent
with reliability requirements®!2. This further underscores the inadequacy of univer-
sal threshold selection. Validation using the subset spike approach confirmed that
all findings from the surrogate spike approach hold under this alternative simulation
procedure (Supplementary Note 3; Supplementary Fig. 77?).

5.2 Distribution analysis and agreement calculation between
RoA and XCC using decomposed MUs

The simulation results established a nonlinear RoA-XCC relationship with
dataset-dependent characteristics and demonstrated that agreement between the two
methods is RoA-level dependent. However, the simulation was restricted to nine dis-
crete RoA levels and therefore cannot represent the full distribution of RoA values
arising from actual decomposition. To address this, we performed exhaustive pairwise
comparisons of all decomposed MUs within each MU set in both datasets, simultane-
ously computing RoA via spike train matching and XCC via waveform tracking for
every pair (see Methods 4.5.3).

a b c
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Fig. 4 Joint and marginal distributions of RoA and XCC reveal dataset-dependent
patterns and non-unimodal structure across all decomposed MU sets. a, b Overlaid joint
(dots) and marginal (curves) distribution of RoA and XCC for the 1DoF (a, red dots) and GRASP
(b, blue dots) datasets. For each MU pair, RoA was computed via spike train matching and XCC
via waveform tracking. Pairwise comparisons were performed independently within each decomposed
MU set and overlaid across all sets. The two datasets exhibit a visually distinct joint distribution,
consistent with the dataset-dependent patterns reported in the Results. Marginal distributions of
RoA (light blue curve, bin size 1% RoA) and XCC (orange curve, bin size 0.01 XCC) for both datasets
exhibit a clear non-unimodal separation between identical and distinct MU pairs. As confirmed by the
Hartigan dip test (p < .001 for all four distributions). ¢ BIC values from Gaussian Mixture Models
(GMMs) fitting of the four marginal distributions in a and b, with the number of GMM components
ranging from 1 to 6. The BIC decreases monotonically with increasing component number for all
distributions, indicating that no stable optimal modal size can be identified. Red solid line: RoA,
1DoF dataset. Blue solid line: RoA, GRASP dataset. Red dashed line: XCC, 1DoF dataset. Blue
dashed line: XCC, GRASP dataset.
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5.2.1 RoA and XCC distribution reveals a dataset-dependent
pattern

Extending the pairwise comparison to the full set of decomposed MUs, the
joint distributions of RoA and XCC exhibit a clear dataset-dependent pattern across
both datasets (Fig. 4a, b). To confirm whether the joint distribution of RoA and
XCC is dataset-dependent, we first examine whether the marginal distribution of
RoA and XCC shows a dataset-dependent pattern, then evaluate whether the cor-
relation between RoA and XCC shows a dataset-dependent pattern (see Methods
4.5.3). We found the marginal distributions of both RoA and XCC differ significantly
between datasets: the RoA distribution of 1DoF (Median = MAD: 2.65 x 1072 4-0.02,
n = 144,592) differs from that of GRASP (2.85 x 1072 £0.01, n = 57, 712) (Wilcoxon
rank-sum: W = 1.43 x 10'°, p = 5.78 x 10712%), and similarly for XCC (1DoF:
2.72x107140.14; GRASP: 2.78 x 1071 £0.18; W = 1.47x10'°, p = 4.00x 10~3). Effect
sizes are small for both comparisons (RoA: r = —5.29 x 1072; XCC: r = 6.40 x 1073).
These results indicate that the marginal distributions of both RoA and XCC are
dataset-dependent. Furthermore, the RoA and XCC are positively correlated in both
datasets (Pearson r: 1DoF p = 0.82; GRASP p = 0.78), and this correlation differs
significantly between datasets (z-test: z = 21.60, p < .001). This result reveals that
the joint distribution also exhibits a dataset-dependent pattern. Together, we confirm
the consistent direction of dataset-dependent differences across both metrics and that
both simulation and decomposed agree with each other, reinforcing the conclusion
that universal thresholds applied across datasets are inappropriate.

5.2.2 RoA and XCC distributions are non-unimodal

Examining the marginal distributions more closely, both RoA and XCC are non-
unimodal across both datasets (Hartigan dip test: 1DoF-RoA D = 0.04, p < .001;
1DoF-XCC D = 0.05, p < .001; GRASP-RoA D = 0.02, p < .001; GRASP-XCC
D = 0.08, p < .001; Fig. 4a, b). To further estimate the number of modes, we fit
Gaussian Mixture Models (GMMs) with 1 to 6 components and selected the opti-
mal number using BIC (see Methods 4.5.3). The BIC decreased monotonically as the
number of components increased for all four distributions (Fig. 4c), indicating that
no single modal structure dominates (see Supplementary Note 4). This result has a
direct practical implication: because neither RoA nor XCC exhibits a clear bimodal
separation between same and different MU pairs, threshold values cannot be reliably
determined from distributional analysis alone”, making disagreement between the two
methods inevitable and further motivating the need for dataset-specific calibration.

5.2.3 Edge-level agreement is threshold- and dataset-dependent

Having characterized the joint and marginal distributions of RoA and XCC, we
now quantify how the choice of threshold affects the agreement between the two meth-
ods at the level of individual MU pairs. Edge-level agreement, defined as the ratio of
pairwise MU comparisons on which both spike train matching and waveform track-
ing agree, was evaluated across all threshold combinations, with both RoA and XCC
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Fig. 5 Edge-level agreement between spike train matching and waveform tracking is
threshold-dependent and dataset-dependent. Edge-level agreement was defined as the propor-
tion of pairwise MU comparisons on which both methods agree (see Methods 4.5.4), and was evaluated
across all combinations of spike train matching threshold (RoA, x-axis) and waveform tracking thresh-
old (XCC, y-axis), each searched from 0.01 to 0.99 in increments of 0.01. Contour lines are drawn
at 10%, 20%, 30%, 40%, 50%, 60%, 70%, 80%, 90%, 95%, 97%, 98%, 99%, and 100%. a, ¢ Surface
(left) and contour plot (right) of edge-level agreement for the 1DoF dataset (a) and GRASP dataset
(c). Each point on the surface represents the edge-level agreement achieved at a specific threshold
combination. The agreement landscape differs substantially between datasets, confirming a dataset-
dependent pattern. b, d Contour plots (gray) of edge-level agreement and threshold combinations
(red and blue dots) for the 1DoF dataset (b) and GRASP dataset (d). Blue dot: the globally opti-
mal threshold combination, achieving the highest edge-level agreement across all possible threshold
combinations (1DoF: RoA = 96%, XCC = 0.99, agreement = 98.60%; GRASP: RoA = 14%, XCC =
0.81, agreement = 97.21%). Neither optimal combination corresponds to conventionally used thresh-
old values. Red dots: the waveform tracking threshold yielding maximum edge-level agreement at
each fixed spike train matching threshold, illustrating the dataset-dependent trajectory of optimal
threshold pairs across the full parameter space.

thresholds searched from 0.01 to 0.99 in increments of 0.01 (Fig. 5; see Methods 4.5.4).
Three key findings emerge.

First, the maximum achievable agreement is dataset-dependent and falls below
100% in both approaches, confirming that disagreement between the two methods is
irreducible. For the 1DoF dataset, the globally optimal threshold combination (RoA
= 96%, XCC = 0.99) achieves a maximum edge-level agreement of 98.60% (Fig. 5b,
blue dot). However, such high levels of thresholds on RoA and XCC can result in
the interpretation that all the decomposed MUs are distinct and no MU could be
identified as the same if these thresholds are used across trials (see Discussion 6.5 for
full elaboration). For the GRASP dataset, the globally optimal combination (RoA =
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14%, XCC = 0.81) achieves 97.21% (Fig. 5d, blue dot). Neither optimal combination
aligns with conventionally used thresholds (RoA = 30%, XCC = 0.7-0.9).

Second, fixing the spike train matching threshold at the commonly used value of
30% RoA '5:19:21 and optimizing over the waveform-tracking threshold yields a maxi-
mum edge-level agreement of 97.02% at XCC = 0.84 for 1DoF and 83.65% at XCC =
0.86 for GRASP. Applying the conventional waveform tracking threshold within the
range of 0.7-0.9 at 30% RoA ensures at least 90% pairwise agreement for 1DoF and
80% for GRASP, but with optimal thresholds that differ between datasets and can
deviate from standard practice (i.e., 0.7, 0.8, 0.9).

Third, the waveform-tracking threshold that maximizes edge-level agreement at
each fixed spike train matching threshold follows a dataset-dependent trajectory
across the full parameter space (Fig. 5b, d, red dots; see Supplementary Note 5).
Taken together, these results demonstrate that the correspondence between the two
methods is fundamentally sensitive to threshold selection and cannot be adequately
characterized by a single universal threshold combination.

5.2.4 Node-level agreement is threshold- and dataset-dependent

Edge-level agreement captures pairwise consistency but does not directly reflect
how the two methods agree in assigning individual MUs to groups. To address this, we
define node-level agreement as the proportion of MUs clustered into the same group
by both methods, quantified using the symmetric purity score?” (see Methods 4.5.5).
Thresholds were searched from 0.05 to 0.95 in increments of 0.05, and the median
symmetric purity score was used to represent node-level agreement at each threshold
combination (Fig. 6).

Node-level agreement exhibits a dataset-dependent pattern consistent with edge-
level findings. For the 1DoF dataset, the globally optimal threshold combination (RoA
= 25%, XCC = 0.80) achieves a maximum node-level agreement of 96.30% (Fig.
6b, blue dots). For the GRASP dataset, complete node-level agreement (100%) is
achieved across a range of threshold combinations (RoA = 10-20%, XCC = 0.8-0.9;
Fig. 6d, blue dot). Fixing spike train matching at 30% RoA, the waveform-tracking
threshold that maximizes node-level agreement is XCC = 0.80 for 1DoF, achieving
95% agreement, and XCC = 0.85 for GRASP, achieving 78.17%. Both optimal sets of
threshold combinations deviate from the conventionally used range and differ between
datasets. The full trajectory of optimal waveform-tracking thresholds across all spike
train matching thresholds follows a complex, dataset-dependent pattern (Fig. 6, red
dots; see Supplementary Note 5).

5.2.5 Group-level agreement is threshold- and dataset-dependent

Node-level agreement may be inflated by the presence of duplicate MUs, since a
decomposition containing many duplicates can still yield high clustering consistency.
To provide an assessment that is robust to this concern, we introduce group-level
agreement, quantified using the macro Jaccard index*® 5%, which treats each unique
MU group equally and is therefore insensitive to the number of duplicate MUs within a
group (see Methods 4.5.6). Thresholds were searched from 0.05 to 0.95 in increments of
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Fig. 6 Node-level agreement between spike train matching and waveform tracking is
threshold-dependent and dataset-dependent. Node-level agreement was defined as the propor-
tion of MUs clustered into the same group by both methods, quantified using the symmetric purity
score (see Methods 4.5.5). The median symmetric purity score across all decomposed MU sets was
used to represent node-level agreement at each threshold combination, and was evaluated across all
combinations of spike train matching threshold (RoA, x-axis) and waveform tracking threshold (XCC,
y-axis), each searched from 0.05 to 0.95 in increments of 0.05. Contour lines are drawn at 10%, 20%,
30%, 40%, 50%, 60%, 70%, 80%, 90%, 95%, 97%, 98%, 99%, and 100%. a, ¢ Surface (left) and contour
plot (right) of node-level agreement for the 1DoF dataset (a) and GRASP dataset (c). Each point
on the surface represents the node-level agreement achieved at a specific threshold combination. The
agreement landscape differs substantially between datasets, confirming a dataset-dependent pattern.
b,d Contour plots (gray) of node-level agreement and threshold combinations (red and blue dots) for
the 1DoF (b) and GRASP (d) dataset. Blue dots: the globally optimal threshold combinations, achiev-
ing the highest node-level agreement across all possible threshold combinations (1DoF: RoA = 25%,
XCC = 0.80, agreement = 96.30%; GRASP: RoA = 10-20%, XCC = 0.80-0.90, agreement = 100%).
Notice that for the GRASP dataset, a complete node-level agreement (100%) can be achieved. Nei-
ther globally optimal combination in either dataset corresponds to the conventionally used threshold
values (RoA = 30%, XCC = 0.7-0.9). Red dots: the waveform tracking threshold yielding maximum
node-level agreement at each fixed spike train matching threshold. The optimal threshold trajectory
differs substantially from that of the 1DoF dataset, confirming a dataset-dependent pattern.

0.05, and the median macro Jaccard index was used to represent group-level agreement
at each threshold combination (Fig. 7).

Group-level agreement mirrors the dataset-dependent pattern observed at the edge
and node levels. For the 1DoF dataset, maximum group-level agreement of 97.69% is
achieved at RoA = 25%, XCC = 0.80 (Fig. 7b, blue dot), indicating that on average,
a unique MU group identified by spike train matching at 25% RoA overlaps 97.69%
with the corresponding group identified by waveform tracking at XCC = 0.80. For the
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GRASP dataset, complete group-level agreement (100%) is achieved across RoA =
10-15% and XCC = 0.75-0.90 (Fig. 7d, blue dots). Fixing spike train matching at 30%
RoA, maximum group-level agreement is 95% at XCC = 0.80 for 1DoF and 78.17%
at XCC = 0.90 for GRASP. The optimal waveform-tracking threshold at each fixed
spike train matching threshold again follows a complex, dataset-dependent trajectory
(Fig. 7, red dots; see Supplementary Note 5).

Across all three levels of analysis, edge, node, and group, the agreement between
spike train matching and waveform tracking is consistently threshold-dependent and
dataset-dependent, with optimal threshold combinations that deviate from conven-
tional values and vary between datasets. These convergent findings across three
independent graph-level measures provide strong evidence that the use of fixed, uni-
versal thresholds is inappropriate and that dataset-specific pilot studies are necessary
before deploying either method.
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Fig. 7 Group-level agreement between spike train matching and waveform tracking is
threshold-dependent and dataset-dependent. Group-level agreement was defined as the average
overlap between unique MU groups identified by the two methods, quantified using the macro Jaccard
index (see Methods 4.5.6). Unlike node-level agreement, the macro Jaccard index treats each unique
MU group equally and is therefore insensitive to the number of duplicate MUs within a group,
providing a more conservative and physiologically direct measure of correspondence. The median
macro Jaccard index across all decomposed MU sets was used to represent group-level agreement
at each threshold combination, and was evaluated across all combinations of spike train matching
threshold (RoA, x-axis) and waveform tracking threshold (XCC, y-axis), each searched from 0.05 to
0.95 in increments of 0.05. Contour lines are drawn at 10%, 20%, 30%, 40%, 50%, 60%, 70%, 80%,
90%, 95%, 97%, 98%, and 100%. a, ¢ Surface (left) and contour plot (right) of group-level agreement
for the 1DoF (a) and GRASP (c) dataset. Each point on the surface represents the group-level
agreement achieved at a specific threshold combination. The agreement landscape differs substantially
between datasets, confirming a dataset-dependent pattern. b, d Contour plots (gray) of group-level
agreement and threshold combinations (red and blue dots) for the 1DoF (b) and GRASP (d) dataset.
Blue dots: the globally optimal threshold combinations, achieving the highest group-level agreement
across all possible threshold combinations (1DoF: RoA = 25%, XCC = 0.80, agreement = 97.69%;
GRASP: RoA = 10-15%, XCC = 0.75-0.90, agreement = 100%). Notice that for the GRASP dataset,
a complete group-level agreement (100%) can be achieved. Neither globally optimal combination in
either dataset corresponds to the conventionally used threshold values (RoA = 30%, XCC = 0.7-0.9).
Red dots: the waveform tracking threshold yielding maximum group-level agreement at each fixed
spike train matching threshold. The optimal threshold trajectory differs substantially from that of
the 1DoF dataset, confirming a dataset-dependent pattern.
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6 Discussion

In this study, we examined how spike train matching and waveform tracking
agree in identifying the same MUs by characterizing the relationship between their
respective metrics and comparing their outputs at three levels of structural resolution,
using both simulated and real decomposed MU data from two datasets involving
isometric contractions with different force trajectories. Despite the widespread use of
both methods across neuroscience, kinesiology, and rehabilitation research®11:13-16
their correspondence has never been systematically examined. Our results reveal that
the two methods are not interchangeable, that their agreement is both threshold-
dependent and dataset-dependent, and that commonly used threshold values require
careful reconsideration.

6.1 A high MUAP waveform XCC alone is not sufficient for
identifying the same MU

A central assumption in waveform tracking is that a high XCC reliably indicates
that two MUs are identical®'2. Our findings challenge this assumption directly. Using
simulated data, we showed that XCC increases nonlinearly with RoA, but with sub-
stantially higher variability at low RoA levels, a pattern that persists regardless of the
approach used to generate artificial MUs. This means that a high XCC value can occur
even when two MUs have very low spike train overlap (low RoA), simply because of
the large spread of XCC values at low RoA. The same pattern was confirmed in the
real decomposed MUs: at RoA below 10%, XCC values spanning from 0.1 to 0.9 were
observed in both datasets, and some MU pairs reached XCC > 0.9 despite RoA below
10% (Fig. 4; Supplementary Fig. ?7?).

A concrete example from the 1DoF dataset illustrates this problem. Two MUs,
decomposed from the same trial of HD-sEMG recording, showed clear disagreement
between spike train matching and waveform tracking: they would be identified as the
same MU under waveform tracking but as different MUs under spike train matching.
Inspection of additional MU characteristics (see Methods 4.2.3; Supplementary Fig.
?7) suggests that the peak-to-peak value of the MUAP is different. Considering that
the peak-to-peak value of the MUAP is often used to estimate MU position?® or MU
territory 4, this discrepancy may be due to different MUs occupying the same skin
location but at different depths. The mutually exclusive discharge behavior of motor
neurons reported by Zhu et al.?® provides a physiological basis for why two spatially
distinct MUs could produce similar MUAP waveforms while firing at non-overlapping
times. Our observation is also consistent with the description®* that “MUAPs from
different MUs may have similar amplitude and shape when the muscle fibers of each
MU in the detectable vicinity of the electrode have a similar spatial arrangement”.

These findings have direct practical implications. When two MUs are decomposed
from the same contraction and waveform tracking is used to assess their identity,
researchers should also report the RoA between their MUSTs. If spike train data
are unavailable, reporting the MUAP peak-to-peak voltage and the estimated muscle
depth can serve as additional discriminating criteria to guard against false identifica-
tions driven by high XCC at low RoA. More broadly, the assumption that a higher
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waveform tracking threshold guarantees more reliable MU identification ' is valid only
when RoA is sufficiently high. At low RoA, the high variability of XCC undermines this
guarantee, and XCC alone cannot be treated as a sufficient criterion for MU identity.
This calls for greater caution among researchers and neuroscientists when reporting
MU identification results based on waveform tracking alone.

Our findings also add new context to prior work by del Vecchio et al.?, who showed
that using only the first or last 20 spikes of a MUST can still yield an average waveform
correlation of approximately 0.86. Based on our simulation results, a subset of 20 spikes
from a full MUST implies a low effective RoA relative to the complete train, and the
wide spread of XCC values at low RoA levels means that such high average XCC values
may mask substantial variability at the individual MU pair level. Differences in muscle
(forearm muscles FDS and EDC in our study vs. tibialis anterior in theirs), spatial
filter choice (Linear Single Differential in our work vs. Double Differential in theirs),
and XCC implementation (1D vs. 2D%6) may further contribute to this discrepancy.
Farina et al.*’ showed that second-order filters (IR and LDD) produce significantly
shorter MU action potential durations than LSD, which would affect XCC values and
thereby alter the apparent threshold at which waveform tracking is reliable.

6.2 Dataset-dependent patterns challenge the use of universal
thresholds

A consistent dataset-dependent pattern was observed across all analyses, regard-
less of whether simulated or real decomposed MUs were used, and regardless of whether
RoA or XCC was the metric under examination. This pattern was further confirmed
at all three levels of agreement measurement using graph analysis: edge, node, and
group. The practical implication is direct: threshold values optimized for one dataset
cannot be assumed to generalize to another, even within the same broad category of
isometric contractions.

This finding directly challenges current practice. A waveform-tracking threshold
of 0.8 has been applied to datasets involving isometric contraction'® and to datasets
involving concentric and eccentric contraction'#, without examining whether the same
threshold is appropriate across these different task conditions. Our results provide
quantitative evidence that this approach will introduce false-positive pairs after the
MU identification if researchers consider spike train matching as the ground truth.
Within the isometric contraction category alone, the 1DoF dataset (triangular force
trajectory) and the GRASP dataset (trapezoidal force trajectory) yielded different
optimal threshold combinations at all three agreement levels. This task-dependence
is consistent with evidence that non-trapezoidal contraction protocols can produce
recruitment patterns that violate the orderly recruitment observed in primate stud-
ies?”, while trapezoidal contractions are more likely to respect the Henneman size
principle®”. The difference in recruitment dynamics between the two tasks likely con-
tributes to differences in MU pool composition and, consequently, to the different RoA
and XCC distributions observed across datasets.

The non-unimodal but modally indeterminate distributions of both RoA and XCC
(Supplementary Note 4) further reinforce this point. Several studies have proposed
determining thresholds analytically from the distributional properties of these metrics,
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under the assumption that a bimodal distribution would reveal a natural boundary
between same and different MU pairs”. Chen and Zhou” observed a bimodal distri-
bution in two-source validation results comparing sEMG and iEMG, and proposed a
matching threshold as high as 81.82% RoA on that basis. Our distributions, derived
from pairwise comparisons within SEMG decomposition alone, show no clear bimodal
structure and no stable optimal modal size as estimated by BIC. This discrepancy is
likely attributable to the different comparison context: two-source validation contrasts
MUs across recording modalities, while our analysis operates entirely within sSEMG
decomposition. It may also reflect the inter-subject variability introduced by overlay-
ing pairwise comparisons across subjects, as cautioned by De Luca et al.®®. Together,
these results suggest that threshold determination from distributional analysis alone is
not reliably applicable in the sSEMG decomposition context, and that dataset-specific
pilot studies are necessary.

6.3 Spike train matching and waveform tracking can achieve
high agreement but remain non-interchangeable

Despite the dataset-dependent nature of the optimal thresholds, both methods
can achieve high agreement under the right conditions. For the 1DoF dataset, an
edge-level agreement of 98.60% is achievable at (RoA = 96%, XCC = 0.99), and
a node-level agreement of 96.30% at (RoA = 25%, XCC = 0.80). For the GRASP
dataset, complete node- and group-level agreement (100%) is achievable across a range
of threshold combinations (RoA = 10-20%, XCC = 0.75-0.90). However, these optimal
combinations differ substantially between datasets and do not align with any single
pair of conventionally used thresholds, confirming that high agreement is achievable
but only with dataset-specific calibration.

Critically, even the maximum achievable agreement falls below 100% at the edge
level in both datasets, confirming that some degree of disagreement between the two
methods is irreducible. This irreducibility follows directly from the nonlinear RoA-
XCC relationship and the high XCC variability at low RoA: there will always be
MU pairs for which the two methods reach different conclusions, regardless of how
thresholds are set. This is not a measurement artifact but rather reflects a fundamental
difference in what the two metrics capture. RoA measures the temporal overlap of
spike events, while XCC measures the spatial similarity of MUAP waveforms. These
are related but not equivalent properties of a MU pair. It is physiologically plausible
for them to disagree, particularly for MUs that share similar muscle fiber territory
(producing similar waveforms) but fire at non-overlapping times (producing low spike
overlap).

The non-interchangeability of the two methods also has implications for how dupli-
cate removal is implemented prior to waveform tracking. The standard approach to
duplicate removal'>1? sorts MUSTs by discharge count and performs recursive pair-
wise RoA comparisons, without constructing the full pairwise comparison graph. Our
graph-based approach, consistent with Formento et al.??, performs exhaustive pair-
wise comparisons and preserves the full connectivity structure. As shown in our earlier
work®?, these two approaches can yield discrepant results. Researchers who combine
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spike train matching for duplicate removal with waveform tracking for cross-trial iden-
tification should be aware that the graph structure underlying duplicate removal may
influence the subsequent tracking results in ways that are not captured by standard
implementations.

6.4 Agreement challenges the use of commonly accepted
threshold values

Our agreement analysis provides a systematic, quantitative basis for evaluating
the threshold values currently used in both spike train matching and waveform track-
ing. Using 30% RoA as the spike train matching reference, consistent with common
practice 1%:16:19:21 ' applying a waveform-tracking threshold between 0.7 and 0.9 ensures
at least 90% edge-level agreement for 1DoF and at least 80% for GRASP. At the node
level, the same operation ensures that at least 90% of MUs (1DoF) and 70% of MUs
(GRASP) are clustered into the same groups. At the group level, at least 80% (1DoF)
and 40% (GRASP) of unique MU identities overlap between the two methods. The
decreasing agreement from edge to node to group level is expected: edge-level agree-
ment reflects pairwise consistency, while group-level agreement is the most stringent
criterion, requiring complete overlap of identified MU communities. For researchers
seeking a rapid preliminary assessment, edge-level calculation offers a practical first
step, while group-level agreement provides the most physiologically meaningful and
conservative estimate.

The globally optimal threshold combinations, which do not include 30% RoA in
either dataset, raise questions about the physiological basis of this widely used value.
The 30% threshold was introduced in Holobar et al.!® without explicit physiological
validation and has since been adopted broadly without further scrutiny 61921, For
the GRASP dataset, the globally optimal edge-level combination (RoA = 14%, XCC
= 0.81) implies that if a waveform-tracking threshold of 0.81 is considered physiolog-
ically valid, then a spike train matching threshold of 14% may be equally justified on
agreement grounds, which directly challenges the conventional 30% value. Whether
thresholds as low as 14% or as high as 96% are physiologically meaningful requires
dedicated investigation that goes beyond the scope of agreement analysis alone.

The threshold-based framework itself also warrants scrutiny. Both spike train
matching and waveform tracking reduce a continuous pairwise similarity measure to
a binary same-or-different decision by applying a single threshold, implicitly assum-
ing that MUs form two distinct populations: identical and non-identical. However,
empirical evidence from primate?® and human studies® %2 indicates that MUST fir-
ing patterns and motor unit modes exhibit more than two distinct behavioral clusters.
A richer framework that accommodates graded similarity and multi-modal MU pop-
ulation structure, for example, through community detection in weighted graphs as
explored here, may ultimately provide a more physiologically faithful representation
than threshold-based bisection alone. This is consistent with the broader view of motor
unit organization articulated by Duchateau and Enoka®?, in which the integrated
behavior of the motor unit pool reflects a continuum of neural inputs rather than a
binary classification.

28



826

827

828

829

830

831

832

833

834

835

836

837

838

839

840

841

842

843

844

845

846

847

848

849

850

851

852

853

854

855

856

857

858

859

860

861

862

863

864

865

866

867

868

869

Finally, when using a 30% spike train matching threshold as reference, our results
show that both datasets achieve maximum agreement when the waveform-tracking
threshold is between 0.8 and 0.9 across all three agreement levels. This means the
conventional lower bound of 0.7 for waveform tracking should be used with particular
caution, as it yields lower agreement with spike train matching than thresholds of 0.8
or 0.9 in both datasets. Rather than recommending a single fixed value, we provide
the full agreement surface across all threshold combinations (Supplementary Note 5)
to allow researchers to make informed, dataset-specific decisions.

6.5 Limitations and future directions

Several limitations of this study should be noted. First, our analysis is restricted
to within-trial comparisons, since direct spike train matching across trials is not fea-
sible because exact spike timing cannot be preserved across separate contractions®!®.
Extending the agreement framework to cross-trial settings, where filter tracking and
waveform tracking are the available options, remains an important direction for future
work.

Second, the graph-based agreement analysis requires constructing pairwise compar-
ison graphs across all decomposed MU sets. Because decomposed MU sets are defined
by experimental conditions rather than physiological boundaries, and because each
MU set typically contains fewer than 30 MUs due to the orthonormality constraints of
blind source separation, the graph structures analyzed here are relatively sparse. Con-
ventional community detection methods typically perform best with larger networks.
Future work using datasets with higher MU yield, or combining MU sets across trials
under carefully controlled conditions, would allow more robust graph-level analyses.

Third, this study uses two datasets with isometric contractions that differ in
force trajectory. Extending this analysis to dynamic contractions, including concentric
and eccentric tasks, would test the generalizability of the dataset-dependent patterns
observed here and provide broader guidance for threshold selection across movement
conditions.

Fourth, while our findings strongly suggest the need for dataset-specific pilot stud-
ies before applying fixed thresholds, we do not prescribe a specific procedure for
conducting such pilot studies. Developing a principled, computationally efficient cal-
ibration protocol, potentially based on a subset of the pairwise agreement surface
explored here, is an important practical challenge for future work.

Finally, although we provided thresholds that enable researchers to make informed,
dataset-specific decisions, we do not consider the preserved MU counts after apply-
ing these thresholds. For example, in the 1DoF dataset, even though a threshold
combination (RoA = 96%, XCC = 0.99) can achieve a globally maximum edge-level
agreement of 98.60%, applying this threshold removed all 144,592 comparisons (kept
all MUs) in spike train matching (RoA > 96%). Such a high threshold removes all
possible connectivity among MUs, as Chen and Zhou” noted, leaving no same MU
pairs available that can be used for further study. In fact, more MUs will be preserved
rather than focusing on the highest agreement; choosing a threshold combination of
(RoA = 24%, XCC = 0.84) will achieve a 97.26% edge-level agreement. while only
removing 117,634 comparisons, leaving more of the same MU pairs that can be used
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for further study. Overall, a trade-off exists between the number of MU after identi-
fication and the agreement accuracy. Researchers should therefore balance agreement
accuracy with MU retention based on the specific goals of their analysis, rather than
prioritizing maximal agreement alone.

7 Conclusion

This study provides the first systematic examination of the correspondence
between spike train matching and waveform tracking, two widely used methods for
identifying the same MUs from sEMG recordings. Using both simulated and real
decomposed MUs from two datasets involving isometric contractions with differ-
ent force trajectories, and evaluating agreement at three levels of graph-theoretic
resolution, we draw the following conclusions.

First, RoA and XCC are nonlinearly correlated, with XCC increasing as RoA
increases. However, XCC exhibits substantially higher variability at low RoA levels,
and this variability decreases monotonically as RoA increases. This finding has a direct
implication for practice: a high XCC value does not by itself guarantee that two MUs
are identical, particularly when the underlying spike train overlap is low. Researchers
should therefore exercise caution when identifying the same MUs based solely on
MUAP waveform similarity, and should report RoA alongside XCC whenever both
can be computed.

Second, spike train matching and waveform tracking can achieve high agreement,
but they are not interchangeable. The maximum achievable agreement falls below
100% at the edge level in both datasets, confirming that some degree of disagreement
between the two methods is irreducible. This irreducibility reflects a fundamental
difference between what RoA and XCC measure: the temporal overlap of spike events
versus the spatial similarity of MUAP waveforms. These are related but not equivalent
properties, and the two methods will not always reach the same conclusion about MU
identity.

Third, the agreement between the two methods is both threshold-dependent and
dataset-dependent, and this pattern is consistent across all three levels of analysis:
edge, node, and group. The conventionally used threshold combination of 30% RoA
for spike train matching and 0.7-0.9 XCC for waveform tracking ensures at least 90%
edge-level agreement and at least 90% node-level agreement for the 1DoF dataset,
but only 80% edge-level and 70% node-level agreement for the GRASP dataset. At
the group level, the same combination yields at least 80% agreement for 1DoF and
as low as 40% for GRASP. These differences underscore that the same threshold
values cannot be applied uniformly across datasets, even within the same category of
isometric contractions.

Fourth, the marginal distributions of both RoA and XCC are non-unimodal
across both datasets, with no clear bimodal separation that would permit threshold
determination from distributional analysis alone. This rules out the analytical deter-
mination of thresholds from the data distribution and further motivates the need for
dataset-specific calibration.
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Taken together, these findings provide strong quantitative evidence that the use
of fixed, universal thresholds for spike train matching or waveform tracking is inap-
propriate. A dataset-specific pilot study, following the framework demonstrated in
Section 5.2, is strongly recommended prior to applying either method. The graph-
based agreement framework introduced here, evaluating correspondence at the edge,
node, and group levels simultaneously, offers a principled and extensible approach for
characterizing the relationship between MU identification methods and may serve as
a foundation for future work on cross-trial tracking, dynamic contractions, and the
development of data-driven threshold calibration procedures.
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