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Abstract: A deconvolution method is proposed for conduction block (CB) estimation based on two
compound muscle action potentials (CMAPs) elicited by stimulating a nerve proximal and distal
to the region in which the block is suspected. It estimates the time delay distributions by CMAPs
deconvolution, from which CB is computed. The slow afterwave (SAW) is included to describe the
motor unit potential, as it gives an important contribution in case of the large temporal dispersion
(TD) often found in patients. The method is tested on experimental signals obtained from both healthy
subjects and pathological patients, with either Chronic Inflammatory Demyelinating Polyneuropathy
(CIDP) or Multifocal Motor Neuropathy (MMN). The new technique outperforms the clinical methods
(based on amplitude and area of CMAPs) and a previous state-of-the-art deconvolution approach.
It compensates phase cancellations, allowing to discriminate among CB and TD: estimated by the
methods of amplitude, area and deconvolution, CB showed a correlation with TD equal to 39.3%,
29.5% and 8.2%, respectively. Moreover, a significant decrease of percentage reconstruction errors of
the CMAPs with respect to the previous deconvolution approach is obtained (from a mean/median of
19.1%/16.7% to 11.7%/11.2%). Therefore, the new method is able to discriminate between CB and TD
(overcoming the important limitation of clinical approaches) and can approximate patients’ CMAPs
better than the previous deconvolution algorithm. Then, it appears to be promising for the diagnosis
of demyelinating polyneuropathies, to be further tested in the future in a prospective clinical trial.

Keywords: CMAP; CIDP; MMN; motor response; nerve conduction study; temporal dispersion;
conduction block

1. Introduction

Electrodiagnostic (EDX) examination provides important information on the periph-
eral nervous system (PNS) functionality that completes and extends the findings of routine
neurologic tests [1]. It is built upon two clinical techniques, the nerve conduction studies
(NCSs; focused on either sensory or motor nerves) and the needle electrode examination
(NEE), which are usually combined to provide complementary information of the PNS [2].
EDX examination is usually focused on the localization of a lesion and its characterization,
in terms of severity, rate of progression and pathophysiological features.

In this work, we are interested in motor NCSs focused on demyelinating conduction
block (CB), i.e., the failure of an action potential (AP) to propagate through an intact axon
of a motoneuron [3,4]. It is important to distinguish it from axonal loss, in which the axon
is disrupted, so that its distal portion is no longer connected to the cell body and undergoes
a process called Wallerian degeneration [5]. On the other hand, the lesions of the myelin
sheaths (possibly caused by auto-antibodies against antigens at the node of Ranvier [6])
determine a slowing of AP propagation along the nerve (with abnormal temporal disper-
sion (TD) [7]) and sometimes the block of impulses (i.e., a CB [8]), reflected into muscle
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weakness. The methods routinely used in clinical practice for CB estimation are based on
the comparison of the amplitudes or the areas of two compound muscle action potentials
(CMAPs) elicited with transcutaneous electrical nerve stimulation at sites proximal and
distal to the nerve segment in which the CB is suspected [4,9]. CB estimation obtained
with these standard clinical methods is altered by the phase cancellations produced by
TD of the motor unit (MU) APs (MUAPs) constituting the CMAPs. Indeed, both CB and
TD may result in variations of amplitude and area among distal and proximal CMAPs [1].
These variations depend on the length of the nerve segment, as proved in experiments [10]
and simulations [11–14]. Abnormal TD influences amplitude and area due to important
phase cancellations that mainly affect the proximal CMAP [12]. Thus, a large confidence
threshold in the decrease of amplitude and area of distal versus proximal CMAPs (50% [12])
has been proposed to diagnose a CB. In order to face this problem, different works have
suggested to combine information on both TD and amplitude or area decrease [15,16].
Different clinical criteria for CB estimation have been proposed [17]: for example, a drop in
distal versus proximal CMAP peak-to-peak amplitude or area larger than 20% with less
than a 15% variation of the duration [9] or different ranges of reductions of amplitude
and area (from >30% to >60%) depending on the specific nerve and on TD (considering
different cases if it is larger or smaller than 30%; Table 1 in [18]).

As an alternative, a method to compensate for TD was proposed in [19]. It was
validated on simulations and experimental data from healthy subjects. It was able to
compensate for different TDs, either simulated or induced in experiments by studying
three different stimulation sites (and thus different conduction lengths). The method
provides by deconvolution the delay distributions which, convolved with a representative
waveform named kernel, optimally reconstruct the distal and the proximal CMAPs. This
allows to ideally compensate for phase cancellations, discriminating CB and TD better than
the approaches based on amplitude or area.

However, the method proposed in [19] did not include the slow afterwave (SAW) of
muscle potentials [20–25]. In the case of small TD (as in healthy subjects), SAW contributes
at the end of the CMAPs and could be removed by windowing. On the other hand,
the TD is abnormal in subjects with demyelinating diseases, so that SAW could contribute
to important phase cancellations in the proximal CMAP. This effectively rendered the
previous method unusable on patients, i.e., exactly where it would have been needed. Thus,
with the intent of extending the promising results shown in [19] to neuropathic patients
with abnormal TD of the APs, in this paper SAW has been included in the deconvolution
kernel. The method was then tested on experimental signals from both healthy subjects and
pathological patients, with either Chronic Inflammatory Demyelinating Polyneuropathy
(CIDP [1,7,26–30]) or Multifocal Motor Neuropathy (MMN [26,28,29,31,32]). Our results
are expected to contribute to the discussion on guidelines [7,27,30] and the proposal of
innovative methods for the assessment of CB [1,31].

2. Methods
2.1. Mathematical Model and Processing

The mathematical model and the CB estimation method follow the approach described
in [19]. Specifically, the two CMAPs are represented as the sum of MUAPs, assumed to
have the same shape, but different amplitudes and time lags. The prototype shape of the
MUAPs is called convolution kernel. Thus, each CMAP is approximated as

x(t) '
N

∑
n=1

AnK(t− τn) (1)

where x(t) is the CMAP, ' stands for “approximately equal”, N is the number of contri-
butions, K(t) is the kernel, An is the amplitude of the nth MUAP, and τn its delay. Notice
that the model can only approximate (and not fit exactly) a CMAP, as MUAPs cannot be
represented accurately by a single kernel as they have different waveforms (depending on
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many factors, including muscle fibre anatomy, location and spreads of innervation zone and
tendons, position of the MU, conduction velocity (CV), etc. [33]). Moreover, the recorded
CMAPs include noise superimposed to the physiological bioelectric signal.

Equation (1) can be written as the following convolution equation:

x(t) = K(t) ∗
N

∑
n=1

Anδ(t− τn) = K(t) ∗ D(t) (2)

where ∗ indicates convolution and the delay distribution D(t) is written as the sum of Dirac
delta functions δ(t) delayed in time and scaled in amplitude D(t) = ∑N

n=1 Anδ(t− τn).
Notice that phase cancellations affect only the signal x(t), not the delay distribution, which
is a non-negative function, indicating, for each time lag, the amplitude of the contributions
superimposed to form the CMAP. Thus, a method able to estimate the delay distributions
of MUAPs constituting the distal and proximal CMAPs and using this information to
compute the CB is ideally insensitive to phase cancellations. The CB estimator proposed
in [19] is indeed dependent only on the delay distributions xprox and xdist of the proximal
and distal CMAPs:

CB = 1−
∫

xprox(t)dt∫
xdist(t)dt

(3)

where the integral symbol indicates the area under the curve (i.e., for the problem at hand, it
is ideally proportional to the sum of the amplitudes of MUAPs contributing to the CMAPs).
Thus, if the same contributions constitute the two CMAPs (only with different time lags),
the two integrals in (3) have the same value and the estimated CB is zero. On the other
hand, if the integral of the proximal delay distribution is lower than that of the distal one, it
means that some contributions (i.e., some MUAPs) are absent in the proximal CMAP, due
to a block of the corresponding APs. Notice that the proposed estimation of CB is affected
by MUAP amplitude (so that the loss of a MUAP with larger amplitude gives a larger value
of estimated CB than the loss of a small MUAP), which depends on MU size and location.
However, this problem afflicts also amplitude and area approaches, which are also affected
by phase cancellations. On the other hand, the proposed estimation of CB has the merit
of being ideally insensitive to phase cancellations and provided important improvements
over standard approaches based on CMAP amplitude or area, both in simulations and
experiments on healthy subjects [19].

In order to apply the CB estimation in Equation (3), the delay distributions for the
proximal and distal CMAPs should be computed. This requires to estimate the kernel and
invert the convolution operator in Equation (2), thus making a deconvolution. This is an
inverse problem [34–37], requiring regularization approaches to stabilize the solution and
the imposition of a-priori information (e.g., small energy of the solution to avoid excessive
phase cancellations, limited time range of the possible lags reflecting physiological values
of CV, non-negativity of the delay distribution [19]).

The kernel was estimated as in [19], requiring that the same waveform could be
used to reconstruct the two CMAPs with minimum sum of the mean squared errors
(MSE). However, in [19] the kernel was given as the sum of few associated Hermite (AH)
functions, as they are sufficient to approximately fit a biphasic (single differential) EMG.
Here, an exponential decay was also included to account for the SAW, still keeping the
same optimization approach. This additional term is described below.

An initial estimation of the exponential decay accounting for the SAW was obtained
considering the distal CMAP (i.e., the one for which phase cancellations are less important,
so that a biphasic shape followed by the SAW could be assumed). The SAW was assumed
to be located after the two phases, so that the portion of CMAP following its minimum
value was considered. Within such a time range (i.e., from the sample corresponding to the
minimum of the CMAP to its end), the point (indicated as pSAW) with most abrupt change
was considered as the beginning of the SAW (specifically, pSAW spits the signal into two
regions, for which the sum of the residual squared errors from their local means is minimal).
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An exponential decaying function was then fit to the CMAP queue, starting from pSAW
(using a nonlinear programming method based on simplex search to select the amplitude
and decay rate, i.e., parameters A and τ in the Equation (4) shown below). In order to
remove the contribution of this exponential function before pSAW , it was multiplied by a
sigmoid function (which should be close to 0 before pSAW and to 1 after it, with a small
transition region). The sigmoid was chosen in order to optimally fit the CMAP with
AH functions after SAW removal (selecting the location and extension of the transition
region, i.e., parameters c and a of Equation (5) shown below, by a sequential quadratic
programming approach, constraining c to be within the range of the signal and a to be
positive and lower than 1).

Then, the initial kernel was the sum of the projection of the distal CMAP on the first
six AH functions and of the exponential decay detailed above (notice that only the first
contribution was included in [19], neglecting the exponential decay). The parameters
were then updated as in [19] by searching iteratively the minimum in the direction of the
gradient of the MSE in reconstructing the two CMAPs by convolutions with the same
kernel (constraining the delay distributions to be positive and within supports imposed by
physiological limits in nerve CV). Eleven parameters were identified:

• seven parameters related to the AH functions (the scaling factor and the amplitude of
the six functions; these are the only parameters considered in [19]);

• two parameters defining the descending exponential e(t), namely, the amplitude A
and the time constant τ

e(t) = Ae−
t
τ (4)

• two parameters defining the sigmoid function s(t), i.e., the time instant c in which
s(t) = 0.5 and the rate of change a

s(t) =
1

1 + e−a(t−c)
(5)

2.2. Experimental Data

Both healthy controls and pathological patients were included in the study, following
the principles of the Declaration of Helsinki. The healthy subjects were the same as
those in [19] (age, mean ± SD, 28 ± 5 years; stature, 179 ± 7 cm; weight, 72 ± 4 kg),
but some additional traces were considered. The stimulation current was supra-maximal,
biphasic, square, 0.1 ms long and obtained using a Viking Select device (Nicolet Biomedical
Inc. Madison, WI, USA). After ulnar nerve stimulation, surface EMG signals were acquired
from the right abductor digiti minimi muscle (belly-tendon recording [38]). The proximal
site of stimulation was above-elbow while the distal site was either below-elbow or at
the wrist (experimental protocol as in [39]). The distances (mean ± SD) of wrist, below-
elbow and above-elbow from the motor point were 78.5 ± 3.7 mm, 325.4 ± 18.4 mm and
424.2 ± 17.4 mm, respectively. Motor responses were filtered between 2 Hz and 10 kHz;
skin temperature was maintained above 35 ◦C.

A retrospective study was performed on CIDP and MMN patients (followed from a
clinical, electrophysiological and therapeutic point of view by D.C., following the normal
clinical practice carried out at “I.R.C.C.S. Istituti Clinici Scientifici, S. Maugeri Foundation,
Pavia, Italy”), which are part of a more relevant case series contained in the Italian CIDP
Database and Italian MMN Database [7,27]. Diagnostic criteria were defined in [40] for
CIDP and in [41] for MMN. As part of the diagnostic work up of each patient, the presence
of a Martin–Gruber anastomosis was excluded (indeed, in the presence of this kind of
anastomosis, the CMAP amplitude of the ulnar nerve at elbow might appear significantly
reduced if compared to the one recorded from distal stimulation, leading to interpretation
errors in the nerve conduction study [42].

Most of the data were kept in medical records, printed on paper. They were manually
digitized by a custom routine in Matlab from scanned versions of the clinical records.
Different nerve segments have been measured: median nerve, with stimulations at wrist
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and elbow; ulnar nerve with stimulation sites at either wrist and above elbow or below and
above elbow; and peroneal nerve with stimulation at either ankle and poplite or fibula and
poplite. Information on conduction distances and nerve CV were not always available; then,
when not available, the following distances were assumed as preliminary reference and
then either adjusted (if CV was available) or fine-tuned in order that the delay distributions
were reasonable: 7–10 cm from the distal stimulation site to the first electrode of the bipolar
recording system; conduction distance was assumed 25 cm for the median nerve; 35 cm
and 10 cm were used for ulnar nerve when considering either wrist and above elbow or
below and above elbow, respectively; 44 cm and 10 cm were considered for peroneal nerve
with stimulation at either ankle and poplite or fibula and poplite, respectively.

In total, our dataset included 26 pairs of CMAPs from healthy controls (considering
also repeated measures on the same 10 subjects, which were neglected in [19]), 65 from 23
CIDP patients and 26 from 8 MMN patients.

2.3. Statistical Analysis

Data (i.e., TD and CB) were represented in box and whiskers plots, showing median,
quartiles and range (with outliers indicated individually). Moreover, the correlation be-
tween CB (estimated by different methods, i.e., amplitude, area and deconvolution) and
TD was computed using the Pearson’s coefficient. The performances of the estimations
of the CMAPs using our model Equation (2) was measured in terms of the root mean
squared error. In order to give an indication of discrimination among groups when CB
was estimated using different approaches, we used the Fisher’s ratio, i.e., the square of the
difference of the means divided by the sum of variances.

Non parametric Scheirer–Ray–Hare two-way analysis of variance (ANOVA) [43] was
performed to check possible effects in CB estimation of the different approaches (amplitude,
area and deconvolution) and pathology (control, CIDP and MMN). Wilcoxon signed rank
test for paired comparisons was applied as post hoc for different estimation methods.
To compare the estimations from patients with different pathologies, the Wilcoxon rank
sum test was applied.

3. Results

Amplitude, area and deconvolution approaches have been applied to the CMAPs of
our dataset and their estimations of CB have been compared.

Figure 1 shows a representation of a motor nerve conduction study and some examples
of signals. In A, proximal and distal stimulation of the median nerve, innervating the thenar
muscles, is considered. Surface electrodes (A and R) are placed over the muscle belly and
tendon (respectively) to record the CMAPs in single differential configuration. Moreover,
a ground electrode G is used to reduce the stimulus artifact. The electrodes for bipolar
stimulation are also shown, in proximal and distal locations along the median nerve.
The panel B of the figure shows a model of CB: in the case of healthy subjects all axons are
intact, whereas in patients with multifocal demyelination (as in CIDP and MMN) there are
some lesions that could block the propagation of the APs. Some examples of experimental
thenar CMAPs are shown in C: a small delay between distal and proximal CMAPs is
noticed in the healthy subject; a larger delay is noticed in the case of the CIDP patient with
a reduced amplitude of the proximal CMAP; in the MMN patient, the proximal CMAP is
widely spread and largely affected by phase cancellations, losing the biphasic shape.

Figure 2 describes the deconvolution method, focusing on the estimation of the SAW,
which is the main innovation introduced and the key to apply our approach to patients
showing an important effect of the slow repolarization. The panel A is a sketchy repre-
sentation of convolution, which recovers the CMAP by convolving a kernel and a delay
distribution. The SAW is indicated in B in a CMAP: notice the slow return to baseline
after the second phase. The panels (C–E) (bottom) show how SAW was estimated as the
product of an exponential and a sigmoid function. As explained in the Methods section,
the sigmoid was fit to the distal CMAP, which is less affected by TD (C). Then, the SAW
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was subtracted and the distal CMAP was reconstructed with AH functions (D). Finally,
the initial kernel was iteratively updated by an optimization algorithm which uses it to fit
both CMAPs (distal and proximal; the latter is not shown), obtaining at last the optimal
kernel (E). Notice that it is shorter than the initial one, which was fit to the distal CMAP,
which is a bit affected by TD.

Figure 1. Motor nerve conduction study of the Median Thenar (MT) muscle: comparison between
controls and patients with segmental demyelination. (A) Motor responses are recorded by surface
electrodes (A and R) and the ground electrode G is used for reference. The nerve is depolarized
via external stimulation at two distinct sites (proximal and distal pairs of electrodes for bipolar
stimulation are indicated). (B) Model of conduction block: intact axons on top and multifocal
demyelination on bottom, typical of acquired demyelinating neuropathies (e.g., CIDP and MMN).
(C) Experimental signals recorded from the MT of different subjects: healthy (top row), CIDP (middle
row) and MMN (bottom row).

Figure 3 shows a comparison between deconvolution methods with kernel estimated
either neglecting or including the SAW potential: (A) the previous algorithm proposed
in [19]; (B) the new method. Examples of processing of different experimental data are
provided. Better reconstructions of both healthy and pathological CMAPs were obtained by
including a component modeling the slow repolarization of muscle fibers (reconstruction
errors indicated below the figure). Considering the entire database (Figure 4), the new
algorithm allowed to improve always the reconstruction (as it has additional degrees
of freedom) with an average reduction of the root mean squared error of about 70%.
Most problems are found by the old method when considering CMAPs of MMN patients,
showing in the average larger TD values. Notice also that, considering a kernel neglecting
the SAW (Figure 3A), the slow return of the CMAPs to baseline is poorly approximated by
summing delayed contributions, which reflect into estimated delay distributions with a not
reliable final portion. An inaccurate CB estimation is then expected. The problem is more
evident in patients showing CMAPs with an important effect of the SAW.
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Figure 2. Representation of convolution (indicated by ∗) and example of kernel reconstruction,
focusing on the slow afterwave (SAW). (A) A CMAP is represented as the convolution of a kernel
and a delay distribution (both unknown). (B) Indication of the contribution of SAW in a CMAP.
(C–E) Estimation of the kernel. (C) The SAW of the distal CMAP is estimated as the product of an
exponential and a sigmoid function. (D) The estimated SAW is subtracted and the distal CMAP
is reconstructed using AH functions (the reconstruction is time shifted for simpler representation).
(E) The initial kernel is optimized to reduce the reconstruction error for the CMAP pair (including
proximal and distal CMAP).

Figure 3. Comparison of deconvolution methods either excluding (A) or including (B) the SAW
in estimating the kernel. Examples of data from healthy, CIDP and MMN subjects are considered.
The estimation of CB is given in all cases, including also the approaches based on amplitude and area.
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Figure 4. Comparison of the percentage reconstruction errors of the deconvolution methods either
excluding or including the SAW in estimating the kernel (old and new method, respectively). Box and
whiskers plots are displayed, showing median, quartiles and range (outliers indicated individually
by red +) for (A) the entire dataset and (B) the groups of patients. All paired comparisons (either of
the entire dataset or of each group of patients) are highly statistically significant under the Wilcoxon
signed-rank test.

Figure 5 shows the effect of the TD on CB estimation. An abnormal TD in the CMAPs
recorded from a MMN patient is shown in Figure 5A. The CMAP duration was computed
as in the literature [44], considering the time interval between the onset and the last zero
crossing from positive to negative phase. The TDs of the CMAPs for different pathologies
are shown in Figure 5B. Not all nerves of patients had the same severity of the pathological
manifestation, so that TD could widely vary. However, MMN patients, as a result of the
specific neuropathy features, show a highly statistically larger TD than controls (p = 0.0012)
and a statistically larger TD than CIDP signals (p = 0.025; Wilcoxon rank sum test); moreover,
CIDP patients have a larger TD than controls (close to the limit of significance: p = 0.051).
Differences are obviously emphasized by removing data from nerves of patients showing
no effect of the pathology, e.g., with TD values lower than 10% (which happens in the 38%
and 57% of our data from MMN and CIDP patients, respectively). In such a case, controls
have a lower TD than patients (with p-values in the order of 10−7) and MMN patients still
have larger TD than CIDP (with p = 0.041). CB estimation is shown in Figure 5C, comparing
standard approaches (i.e., based on amplitude or area) and deconvolution, as a function of
the degree of TD. The difference between standard and deconvolution methods increased
proportionally with TD, as only the latter can discriminate between CB and TD. Indeed,
the correlation coefficients of TD and CBs were 39.3%, 29.5% and 8.2%, for the amplitude,
area and deconvolution methods, respectively (considering the old deconvolution approach
neglecting SAW, the correlation between TD and CB was 27.4%, as it can compensate TD
only if it is small, as in the case of healthy controls).
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Figure 5. Investigation of temporal dispersion (TD) of CMAPs. (A) Definition of the measurement of
the duration of the CMAPs in a case recorded from a MMN patient. (B) TDs of the CMAPs of our
dataset (individual values indicated by circles; mean indicated by a square and standard deviation by
the length of bars), grouped with respect to the pathology. (C) CB estimation with either standard
(amplitude and area) or deconvolution methods, as a function of TD degree.

Figure 6 shows the distributions of CB estimations on our entire dataset obtained with
standard methods and with the new deconvolution approach. Scheirer–Ray–Hare two-way
ANOVA of the full dataset indicated a highly significant effect of the methods and of the
pathology (p < 0.001). Wilcoxon signed rank tests for the comparison of CBs estimated by
different methods indicated highly statistical differences between all possible pairs (with
negligible p-values). Wilcoxon rank sum tests indicated the following statistically significant
differences between groups (p < 0.05): control and CIDP estimated by amplitude and area
methods; control and MMN estimated by amplitude approach. No statistical difference in
CB estimations was observed between the considered patients, even if MMN patients are
better separable from CIDP when using the CB estimated by the proposed deconvolution
method (Fisher’s ratio equal to 0.066, 0.002 and 0.003 for deconvolution, amplitude and area
methods, respectively). The CB estimations are less dispersed when using deconvolution
and they are not statistically different among groups. Notice that, TD was statistically
different in different groups, so that CB estimated by amplitude and area approaches, being
biased by TD, are facilitated in obtaining significant differences among groups. Moreover,
as mentioned above, there were CMAPs recorded from some nerves of patients which did
not show any pathological anomaly. Removing the data from pathological patients with TD
lower than 10%, the above-mentioned results were emphasized. Moreover, the following
additional differences were significant: control and CIDP estimated by deconvolution
(p = 0.03); control and MMN estimated by area approach (p = 0.03). Differences between
CIDP and MMN patients were not significant, but slightly better discrimination was
obtained using the deconvolution method: Fisher’s ratio was equal to 0.078, 0.0004 and
0.0003 for deconvolution, amplitude and area methods, respectively.
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Figure 6. Analysis of variance of CB estimates obtained with standard and deconvolution methods on
our dataset. Two way ANOVA on the full dataset indicated a significant difference between methods
and pathology. (A) CB estimated by amplitude, area and deconvolution on the entire dataset (shown
as box and whiskers plots, indicating outliers as red +). Panel (B) same as panel (A), but focusing on
CIDP patients. (C) CB estimations on MMN patients.

4. Discussion

Nerve conduction studies are important to diagnose neuropathies. However, the stan-
dard clinical methods could be improved [45], reducing the confounding factors, mainly
related to the interplay between CB and TD.

A new method is introduced to estimate CB and to distinguish it from TD in neuro-
pathic patients. It is a generalization of a previous deconvolution method [19] that was
shown to overcome the accuracy of the estimation of simulated CBs obtained by amplitude
and area methods [19]. Moreover, deconvolution provided a CB estimation that was more
stable to a variation of TD induced in experiments by increasing the conduction distance on
the same healthy subjects [19]. The new method includes a model of SAW potential in the
kernel (Figure 2), which is essential to allow for the reliable application of our deconvolu-
tion approach to patients. In fact, only generation, propagation and extinction of APs have
been considered in modeling MUAPs in [19], neglecting the slow repolarization [20–25].
This part could be neglected when TD is small (as in healthy controls, studied in [19]),
but it has a great importance in CMAPs from patients affected by demyelination. This
has hampered the application of our previous deconvolution technique on patients and
has stimulated the introduction of the innovative method discussed here, which has incor-
porated an exponential decay (fitting SAW) as additional term in the convolution kernel.
The new algorithm outperforms the previous approach in approximating the proximal and
distal CMAPs (with an average decrease of the reconstruction error of ~70%, Figure 4) and
allows to estimate more reliable delay distributions and stable CBs (Figure 3).

4.1. Significance

Deconvolution allows to compensate for phase cancellations that largely affect prox-
imal CMAPs of patients with large TD (due to the slowing of the APs of demyelinated
axons; Figure 5). The proposed method provides a precise estimation of CB which is not
biased by TD (Figure 6). Discriminating among TD and CB is fundamental to refine the
clinical picture and to design properly the treatment. Moreover, an estimation insensitive
to TD could allow to redefine the diagnostic standards for the assessment of CB [27,30],
which are still largely conservative in order to face the possible bias affecting amplitude and
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area approaches [9,18]. A more accurate and robust estimation of CB could also allow for
tracking the patient’s response to a treatment or for better stratification of different patients.

4.2. Limitations

Our results should be carefully interpreted keeping in mind some concerns due to
model approximations, small dataset and limited information on the patients.

Specifically, notice that the number of elicited MUs can only be approximately esti-
mated (and therefore also CB), as the recorded CMAP is affected by MUAP amplitude,
which depends on MU dimension and location with respect to the recording system (in
particular, there is a dependence on MU depth). However, also CMAP amplitude and area
are affected by the same problem. Thus, even without solving all possible problems, decon-
volution still has the great advantage of being (ideally) insensitive to TD over approaches
based on CMAP amplitude and area. Moreover, the estimation of the delay distribution
has the potential of investigating the type of MUs lost (e.g., predominately fast or slow or
spread among different MUs).

Concerning the dataset, we should acknowledge that some problems arise from the
retrospective nature of the study. For example, only a few data were available in electronic
format, whereas many CMAPs have been manually converted into the digital form needed
for processing, inevitably introducing some noise. As the investigated pathologies are rare,
all available data have been included (still gathering a small and unbalanced dataset).

Moreover, many clinical records were not complete: thus, some precious information
about conduction distance and location of stimulation/recording electrodes was not always
available (so that reasonable estimations of conduction distance and electrode locations
were assumed, as they were needed to impose physiological constraints on delay distri-
butions; furthermore, on a few cases, those estimations were finely tuned to get good
reconstruction of the CMAPs). Moreover, the actual condition of the different segments
was not always available: it is indeed reasonable to suspect that nerves with normal axonal
conduction did not show any sign of the pathology, whereas the corresponding CMAPs
where included in the group of the patient’s diagnosed pathology (hindering discrimination
of different groups).

4.3. Future Perspectives

Being stable to TD, our method could diagnose CB with a lower confidence threshold
than for amplitude and area approaches. Moreover, a precise measure of CB could allow the
follow-up of a patient and the study of the response to a treatment. Possibly, the estimation
of CB could also be correlated to the actual symptoms in a prospective study.

In addition, more information than merely CB could be extracted from the delay
distributions. For example, the spread of CVs of the axons of motor neurons could be in-
vestigated and some information on the types of MUs affected by a possible block could be
retrieved. Moreover, a new estimation of TD could be proposed: indeed, the present defini-
tion is based on the shape of the CMAPs, which is affected by phase cancellations, whereas
the delay distributions are not. Investigating if the estimated delay distributions, even being
approximated (as they are based on modeling assumptions and affected by experimental
noise), could provide reliable information is a future work with promising prospects.

5. Conclusions and Further Work

A new method for CB estimation has been developed and tested in a preliminary
pilot cohort of patients. It compensates the effect of TD (which afflicts clinical approaches
based on CMAP amplitude and area) and outperforms a state-of-the-art deconvolution
method in approximating the CMAPs, thus providing more reliable information on delay
distributions (from which CB is estimated). Further tests on a prospective clinical trial are
needed in order to better assess its reliability and possible applications.



Bioengineering 2022, 9, 23 12 of 14

Author Contributions: Conceptualization, L.M. and D.C.; methodology, L.M. and E.L.; software,
L.M. and E.L.; validation, L.M. and E.L.; data preparation, D.C.; investigation, L.M. and E.L.; writing—
original draft preparation, L.M. and E.L.; writing—review and editing, L.M.; visualization, L.M.
and E.L.; supervision, L.M. and D.C. All authors have read and agreed to the published version of
the manuscript.

Funding: This research received no external funding.

Institutional Review Board Statement: Retrospective study based on investigations carried out by
Dr. D. Cocito on patients for normal clinical practice, at I.R.C.C.S. S. Maugeri Foundation.

Informed Consent Statement: Informed consent was obtained from all subjects involved in the study.

Data Availability Statement: Data available only on request, due to privacy restrictions.

Conflicts of Interest: The authors declare no conflict of interest. An instrument applying the
algorithm described in this paper has been patented by Politecnico di Torino (patent number
TO2006A000327).

Abbreviations
The following abbreviations are used in this manuscript:

AP Action Potential
CB Conduction Block
CIDP Chronic Inflammatory Demyelinating Polyneuropathy
CMAP Compound Muscle Action Potential
EDX Electrodiagnostic
EMG Electromyogram
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References
1. Eftimov, F.; Lucke, I.M.; Querol, L.A.; Rajabally, Y.A.; Verhamme, C. Diagnostic challenges in chronic inflammatory demyelinating

polyradiculoneuropathy. Brain 2020, 143, 3214–3224. [CrossRef]
2. Ferrante, M.A.; Spiegelberg, B.T.; Tsao, B.E. Principles of Nerve Conduction Studies and Needle EMG; American Association of

Neuromuscular & Electrodiagnostic Medicine: Rochester, NY, USA, 2014; pp. 1–14.
3. Feasby, T.E.; Brown, W.F.; Gilbert, J.J.; Hahn, A.F. The pathological basis of conduction block in human neuropathies. J. Neurol.

Neurosurg. Psychiatry 1985, 48, 239–244. [CrossRef] [PubMed]
4. Kimura, J. Consequences of peripheral nerve demyelination: Basic and clinical aspects. Can. J. Neurol. Sci. 1993, 20, 263–270.

[PubMed]
5. Coleman, M.P.; Freeman, M.R. Wallerian degeneration, wld(s), and nmnat. Annu. Rev. Neurosci. 2010, 33, 245–267. [CrossRef]

[PubMed]
6. Stathopoulos, P.; Alexopoulos, H.; Dalakas, M,C. Autoimmune antigenic targets at the node of Ranvier in demyelinating disorders.

Nat. Rev. Neurol. 2015, 11, 143–156. [CrossRef]
7. Spina, E.; Doneddu, P.E.; Liberatore, G.; Cocito, D.; Fazio, R.; Briani, C.; Filosto, M.; Benedetti, L.; Antonini, G.; Cosentino, G.; et al.

Prolonged distal motor latency of median nerve does not improve diagnostic accuracy for CIDP. J. Neurol. 2021. [CrossRef]
[PubMed]

8. Schulte-Mattler, W.J.; Jakob, M.; Zierz, S. Assessment of temporal dispersion in motor nerves with normal conduction velocity.
Clin. Neurophysiol. 1999, 110, 740–747. [CrossRef]

9. Ad Hoc subcommittee of the American Academy of Neurology AIDS Task Force. Research criteria for diagnosis of chronic
inflammatory demyelinating polyneuropathy (CIDP). Neurology 1991, 41, 617–618. [CrossRef]

10. Schulte-Mattler, W.J.; Muller, T.; Georgiadis, D.; Kornhuber, M.E.; Zierz, S. Length dependence of variables associated with
temporal dispersion in human motor nerves. Muscle Nerve 2001, 24, 527–533. [CrossRef]

11. Reutskiy, S.; Rossoni, E.; Tirozzi, B. Conduction in bundles of demyelinated nerve fibers: Computer simulation. Biol. Cybern. 2003,
89, 439–448. [CrossRef]

http://doi.org/10.1093/brain/awaa265
http://dx.doi.org/10.1136/jnnp.48.3.239
http://www.ncbi.nlm.nih.gov/pubmed/3981192
http://www.ncbi.nlm.nih.gov/pubmed/8313241
http://dx.doi.org/10.1146/annurev-neuro-060909-153248
http://www.ncbi.nlm.nih.gov/pubmed/20345246
http://dx.doi.org/10.1038/nrneurol.2014.260
http://dx.doi.org/10.1007/s00415-021-10672-w
http://www.ncbi.nlm.nih.gov/pubmed/34173874
http://dx.doi.org/10.1016/S1388-2457(98)00068-6
http://dx.doi.org/10.1212/WNL.41.5.617
http://dx.doi.org/10.1002/mus.1036
http://dx.doi.org/10.1007/s00422-003-0430-x


Bioengineering 2022, 9, 23 13 of 14

12. Rhee, E.K.; England, J.D.; Sumner, A.J. A computer simulation of conduction block: Effects produced by actual block versus
interphase cancellation. Ann. Neurol. 1990, 28, 146–156. [CrossRef]

13. Stalberg, E.; Karlsson, L. The motor nerve simulator. Clin. Neurophysiol. 2001, 112, 2118–2132. [CrossRef]
14. Tani, T.; Ushida, T.; Yamamoto, H.; Okuhara, Y. Waveform changes due to conduction block and their underlying mechanism in

spinal somatosensory evoked potential: A computer simulation. J. Neurosurg. 1997, 86, 303–310. [CrossRef]
15. Oh, S.J.; Kim, D.E.; Kuruoglu, H.R. What is the best diagnostic index of conduction block and temporal dispersion? Muscle Nerve

1994, 17, 489–493. [CrossRef]
16. Van Asseldonk, J.T.; Van den Berg, L.H.; Wieneke, G.H.; Wokke, J.H.; Franssen, H. Criteria for conduction block based on

computer simulation studies of nerve conduction with human data obtained in the forearm segment of the median nerve. Brain
2006, 129, 2447–2460. [CrossRef]

17. Fuglsang-Frederiksen, A.; Pugdahl, K. Current status on electrodiagnostic standards and guidelines in neuromuscular disorders.
Clin. Neurophysiol. 2011, 122, 440–455. [CrossRef]

18. Olney, R.K.; Lewis, R.A.; Putnam, T.D.; Campellone, J.V., Jr.; American Association of Electrodiagnostic Medicine. Consensus
criteria for the diagnosis of multifocal motor neuropathy. Muscle Nerve 2003, 27, 117–121. [CrossRef] [PubMed]

19. Mesin, L.; Cocito, D. A new method for the estimation of motor nerve conduction block. Clin. Neurophysiol. 2007, 118, 730–740.
[CrossRef] [PubMed]

20. Dimitrova, N.A. Model of the extracellular potential field of a single striated muscle fibre. Electromyogr. Clin. NeurOphysiol. 1974,
14, 53–66. [PubMed]

21. Lateva, Z.C.; McGill, K.C.; Burgar, C.G. Anatomical and electrophysiological determinants of the human thenar compound
muscle action potential. Muscle Nerve 1996, 19, 1457–1468. [CrossRef]

22. Lateva, Z.C.; McGill, K.C. The physiological origin of the slow afterwave in muscle action potentials. Electroencephalogr. Clin.
Neurophysiol. 1998, 109, 462–469. [CrossRef]

23. McGill, K.C.; Lateva, Z.C. Slow repolarization phase of the intracellular action potential influences the motor unit action potential.
Muscle Nerve 2000, 23, 826–828. [CrossRef]

24. McGill, K.C.; Lateva, Z.C.; Xiao, S. A model of the muscle action potential for describing the leading edge, terminal wave, and
slow afterwave. IEEE Trans. Biomed. Eng. 2001, 48, 1357–1365. [CrossRef] [PubMed]

25. McGill, K.C.; Lateva, Z.C. A model of the muscle-fiber intracellular action potential waveform, including the slow repolarization
phase. IEEE Trans. Biomed. Eng. 2001, 48, 1480–1483. [CrossRef] [PubMed]

26. Benoit, C.; Svahn, J.; Debs, R.; Vandendries, C.; Lenglet, T.; Zyss, J.; Maisonobe, T.; Viala, K. Focal chronic inflammatory
demyelinating polyradiculoneuropathy: Onset, course, and distinct features. J. Peripher. Nerv. Syst. 2021, 26, 193–201. [CrossRef]

27. Spina, E.; Doneddu, P.E.; Liberatore, G.; Cocito, D.; Fazio, R.; Briani, C.; Filosto, M.; Benedetti, L.; Antonini, G.; Cosentino, G.; et al.
The neurophysiological lesson from the Italian CIDP database. Neurol. Sci. 2021. [CrossRef]

28. Topakian, R.; Muller, P.; Ciovica-Oel, I.C.; Trenkler, J. In the borderland of multifocal motor neuropathy and chronic inflammatory
demyelinating polyradiculopathy. Neurol. Sci. 2021, 42, 1131–1134. [CrossRef] [PubMed]

29. Tracy, J.A.; Taylor, B.V.; Kiernan, M.; Dyck, P.J.; Crum, B.A.; Mauermann, M.L.; Amrami, K.K.; Spinner, R.J.; Dyck, P.J.B. Nerve
Pathology Distinguishes Focal Motor Chronic Inflammatory Demyelinating Polyradiculoneuropathy From Multifocal Motor
Neuropathy. J. Clin. Neuromuscul. Dis. 2020, 22, 1–10. [CrossRef]

30. Van den Bergh, P.Y.K.; van Doorn, P.A.; Hadden, R.D.M.; Avau, B.; Vankrunkelsven, P.; Allen, J.A.; Attarian, S.; Blomkwist-
Markens, P.H.; Cornblath, D.R.; Eftimov, F.; et al. European Academy of Neurology/Peripheral Nerve Society guideline on
diagnosis and treatment of chronic inflammatory demyelinating polyradiculoneuropathy: Report of a joint Task Force-Second
revision. J. Peripher. Nerv. Syst. 2021, 26, 242–268. [CrossRef]

31. Corazza, G.; Le Corroller, T.; Grapperon, A.M.; Salort-Campana, E.; Verschueren, A.; Attarian, S.; Delmont, E. Comparison of MRI
and motor evoked potential with triple stimulation technique for the detection of brachial plexus abnormalities in multifocal
motor neuropathy. Muscle Nerve 2020, 61, 325–329. [CrossRef]

32. Li, Y.; Niu, J.; Liu, T.; Ding, Q.; Wu, S.; Guan, Y.; Cui, L.; Liu, M. Conduction Block and Nerve Cross-Sectional Area in Multifocal
Motor Neuropathy. Front. Neurol. 2019, 10, 1055. [CrossRef]

33. Mesin, L. Volume conductor models in surface electromyography: Computational techniques. Comput. Biol. Med. 2013, 43,
942–952. [CrossRef]

34. Pascual-Marqui, R.D. Review of Methods for Solving the EEG Inverse Problem. Int. J. Bioelectromagn. 1999, 1, 75–86.
35. Schoonhoven, R.; Stegeman, D.F. Models and analysis of compound nerve action potentials. Crit. Rev. Biomed. Eng. 1991, 19,

47–111. [PubMed]
36. Tikhonov, A.N.; Arsenin, V. Solution of Ill-Posed Problems; Wiley: Hoboken, NJ, USA, 1977; Volume 21, pp. 266–267.
37. Tu, Y.X.; Wernsdorfer, A.; Honda, S.; Tomita, Y. Estimation of conduction velocity distribution by regularized-least-squares

method. IEEE Trans. Biomed. Eng. 1997, 44, 1102–1106. [CrossRef]
38. Kimura, J. Electrodiagnosis in Disease of the Nerve and Muscle: Principles and Practice, 2nd ed.; Oxford University Press: Oxford, UK,

1989; pp. 103–138.
39. Olney, R.K.; Budingen, H.J.; Miller, R.G. The effect of temporal dispersion on compound action potential area in human peripheral

nerve. Muscle Nerve 1987, 10, 728–733. [CrossRef] [PubMed]

http://dx.doi.org/10.1002/ana.410280206
http://dx.doi.org/10.1016/S1388-2457(01)00672-1
http://dx.doi.org/10.3171/jns.1997.86.2.0303
http://dx.doi.org/10.1002/mus.880170504
http://dx.doi.org/10.1093/brain/awl197
http://dx.doi.org/10.1016/j.clinph.2010.06.025
http://dx.doi.org/10.1002/mus.10317
http://www.ncbi.nlm.nih.gov/pubmed/12508306
http://dx.doi.org/10.1016/j.clinph.2006.11.015
http://www.ncbi.nlm.nih.gov/pubmed/17317295
http://www.ncbi.nlm.nih.gov/pubmed/4457323
http://dx.doi.org/10.1002/(SICI)1097-4598(199611)19:11<1457::AID-MUS10>3.0.CO;2-Q
http://dx.doi.org/10.1016/S0924-980X(98)00048-4
http://dx.doi.org/10.1002/(SICI)1097-4598(200005)23:5<826::AID-MUS26>3.0.CO;2-E
http://dx.doi.org/10.1109/10.966595
http://www.ncbi.nlm.nih.gov/pubmed/11759917
http://dx.doi.org/10.1109/10.966607
http://www.ncbi.nlm.nih.gov/pubmed/11759929
http://dx.doi.org/10.1111/jns.12438
http://dx.doi.org/10.1007/s10072-021-05321-z
http://dx.doi.org/10.1007/s10072-020-04804-9
http://www.ncbi.nlm.nih.gov/pubmed/33074453
http://dx.doi.org/10.1097/CND.0000000000000279
http://dx.doi.org/10.1111/jns.12455
http://dx.doi.org/10.1002/mus.26773
http://dx.doi.org/10.3389/fneur.2019.01055
http://dx.doi.org/10.1016/j.compbiomed.2013.02.002
http://www.ncbi.nlm.nih.gov/pubmed/1893755
http://dx.doi.org/10.1109/10.641337
http://dx.doi.org/10.1002/mus.880100809
http://www.ncbi.nlm.nih.gov/pubmed/3683446


Bioengineering 2022, 9, 23 14 of 14

40. Van den Bergh, P.Y.K.; Hadden, R.D.; Bouche, P.; Cornblath, D.R.; Hahn, A.; Illa, I.; Koski, C.L.; Léger, J.M.; Nobile-Orazio, E.;
Pollard, J.; et al. European Federation of Neurological Societies/Peripheral Nerve Society guideline on management of chronic
inflammatory demyelinating polyradiculoneuropathy: Report of a joint task force of the European Federation of Neurological
Societies and the Peripheral Nerve Society-first revision. Eur. J. Neurol. 2010, 17, 356–363. Erratum in: Eur. J. Neurol. 2011, 18, 796.

41. Joint Task Force of the EFNS and the PNS. European Federation of Neurological Societies/Peripheral Nerve Society guideline on
management of multifocal motor neuropathy. Report of a joint task force of the European Federation of Neurological Societies
and the Peripheral Nerve Society–first revision. J. Peripher. Nerv. Syst. 2010, 15, 295–301. [CrossRef]

42. Di Stefano, V.; Gagliardo, A.; Barbone, F.; Vitale, M.; Ferri, L.; Lupica, A.; Iacono, S.; Di Muzio, A.; Brighina, F. Median-to-Ulnar
Nerve Communication in Carpal Tunnel Syndrome: An Electrophysiological Study. Neurol. Int. 2021, 13, 304–314. [CrossRef]

43. Scheirer, C.J.; Ray, W.S.; Hare, N. The analysis of ranked data derived from completely randomized factorial designs. Biometrics
1976, 32, 429–434. [CrossRef]

44. American Association of Electrodiagnostic Medicine; Olney, R.K. Guidelines in electrodiagnostic medicine. Consensus criteria for
the diagnosis of partial conduction block. Muscle Nerve Suppl. 1999, 8, S225–S229. [PubMed]

45. Allen, J.A.; Ney, J.; Lewis, R.A. Electrodiagnostic errors contribute to chronic inflammatory demyelinating polyneuropathy
misdiagnosis. Muscle Nerve 2018, 57, 542–549. [CrossRef] [PubMed]

http://dx.doi.org/10.1111/j.1529-8027.2010.00290.x
http://dx.doi.org/10.3390/neurolint13030031
http://dx.doi.org/10.2307/2529511
http://www.ncbi.nlm.nih.gov/pubmed/16921636
http://dx.doi.org/10.1002/mus.25997
http://www.ncbi.nlm.nih.gov/pubmed/29053880

	Introduction
	Methods
	Mathematical Model and Processing
	Experimental Data
	Statistical Analysis

	Results
	Discussion
	Significance
	Limitations
	Future Perspectives

	Conclusions and Further Work
	References

