
Journal of Computational Neuroscience (2019) 47:1–16
https://doi.org/10.1007/s10827-019-00714-8

Slow-gamma frequencies are optimally guarded against effects
of neurodegenerative diseases and traumatic brain injuries

Pedro D. Maia1,2 · Ashish Raj1,2 · J. Nathan Kutz3

Received: 17 August 2018 / Revised: 2 February 2019 / Accepted: 19 March 2019 / Published online: 4 June 2019
© Springer Science+Business Media, LLC, part of Springer Nature 2019

Abstract
We introduce a computational model for the cellular level effects of firing rate filtering due to the major forms of neuronal
injury, including demyelination and axonal swellings. Based upon experimental and computational observations, we posit
simple phenomenological input/output rules describing spike train distortions and demonstrate that slow-gamma frequencies
in the 38–41 Hz range emerge as the most robust to injury. Our signal-processing model allows us to derive firing rate filters
at the cellular level for impaired neural activity with minimal assumptions. Specifically, we model eight experimentally
observed spike train transformations by discrete-time filters, including those associated with increasing refractoriness and
intermittent blockage. Continuous counterparts for the filters are also obtained by approximating neuronal firing rates from
spike trains convolved with causal and Gaussian kernels. The proposed signal processing framework, which is robust to
model parameter calibration, is an abstraction of the major cellular-level pathologies associated with neurodegenerative
diseases and traumatic brain injuries that affect spike train propagation and impair neuronal network functionality. Our filters
are well aligned with the spectrum of dynamic memory fields including working memory, visual consciousness, and other
higher cognitive functions that operate in a frequency band that is - at a single cell level - optimally guarded against common
types of pathological effects. In contrast, higher-frequency neural encoding, such as is observed with short-term memory,
are susceptible to neurodegeneration and injury.
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1 Introduction

Spike trains are the fundamental electrical units for signal
transmission and information processing in neural systems.
Although the exact information content encoded in spike
trains remains a grand challenge problem in neuroscience,
compromised spike trains are known to produce deleterious
effects on neurological and neuro-sensory function. Indeed,
neurodegenerative diseases and traumatic brain injuries
produce a host of axonal level pathologies that deteriorate
spike train propagation, resulting in cognitive deficits and
reduced neural function.

Axonal damage is commonly produced by either
demyelination and/or focused axonal swelling (FAS) of the
neuron, thus leading to spike train transformations whereby
some or all spikes in a spike train are deleted and/or delayed.
These transformations, verified by experiments (Smith
1994), can be characterized by classical cable equation
models for spike train propagation (Maia and Kutz 2017,
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2014a, b; Maia et al. 2015). Based upon these self consistent
experimental and computational observations, we posit
simple phenomenological input/output rules describing
spike train distortions. This leads us to develop a general
signal processing model whereby the spike train distortions
act as filters for firing rate neural activity. The minimal,
and experimentally backed, assumptions show that the slow-
gamma frequencies in the 38–41 Hz range emerge as the
most robust to injury, thus having significant implications
for the optimal, from the viewpoint of injury, encoding
of neuronal activity. Our model, which is robust to model
parametrization, provides the first quantitative assessment
of the effects of injury and its relationship to critical
frequencies implicated in cognitive function. It further
provides new insights into the cognitive deficits that arise
in common brain disorders due to the axonal injuries
implicated in Alzheimer’s Disease (AD), Multiple Sclerosis
(MS), and Traumatic Brain Injury (TBI), for instance.

A common practice in computational neuroscience is to
model neuronal pathologies in a binary way, by treating
a neuron and/or its connections as either fully functional
or fully impaired. Recent developments show, however,
that these simple strategies cannot capture frequency-
dependent errors in spike-train propagation that arise in
leading brain disorders. Axonal injury in absence of frank
cell death can be classified into two broad classes: axonal
swelling and demyelination. Neither injury can be properly
captured using a binary approach. Thus their effects on
downstream neuronal activity and impairment must be more
accurately modeled. Using experimental observations and
computational studies, we properly account for the degraded
neural activity by building filter models for the firing rate
activity.Specifically, we develop a simple model of how
these two kinds of axonal injury affect frequency-dependent
signal transmission and impair neural activity at a single-
cell level.

Neurodegenerative diseases and TBI are prevalent in
society. TBI in particular is a serious threat to youngsters,
soldiers and contact-sport practitioners across the globe that
can lead to persistent functional deficits, disability, and
even death. TBI pathologies span several spatial scales,
from cellular levels (Browne et al. 2011; Dikranian et al.
2008; Wang et al. 2011) to tissue (Jorge et al. 2012) and
network levels (Sharp et al. 2014). As recently summarized
in Maia and Kutz (2017), one ubiquitous TBI signature at
the cellular level is the presence of swellings along axonal
tracts (also referred to as varicosities, spheroids, bulbs or
beads) (Edlow et al. 2016; Johnson et al. 2013; Hanell et al.
2015; Henninger et al. 2016; Hill et al. 2016; Morrison
et al. 2011; Reeves et al. 2012). Focal Axonal Swellings
(FAS) were reported in TBI studies in vivo (Browne et al.
2011; Dikranian et al. 2008; Wang et al. 2011) , in vitro
(Hellman et al. 2010; Hemphill et al. 2015; Magdesian

et al. 2012; Tang-Schomer et al. 2010, 2012), and in
human patients (Adams et al. 2011; Jorge et al. 2012). FAS
gained significant attention from the broader biomedical
and neuroscience community because they are also present
in brain disorders such as AD (Adalbert et al. 2009; Daianu
et al. 2016; Krstic and Knuesel 2012), MS (Friese et al.
2014; Nikic et al. 2011; Trapp and Nave 2008), Parkinson’s
Disease (Tagliaferro and Burke 2016; Louis et al. 2009)
and others (Herwerth et al. 2016; Karlsson et al. 2016;
Laukka et al. 2016). More recently, computational models
investigated the effects of FAS on spike train propagation
(Kolaric et al. 2013; Lachance et al. 2014; Maia et al. 2015;
Maia and Kutz 2014a, b) and the functional impairments
they cause collectively at a network level (Maia and Kutz
2017; Rudy et al. 2016).

The effects of FAS on spike conduction are similar to
those observed after demyelination (Smith 1994; Zlochiver
2010; Verden and Macklin 2016), which play a major role
in MS (De Stefano et al. 1995; Trapp et al. 1998; Kornek
et al. 2000). We depict both forms of injury in Fig. 1a–b.
Figure 1c shows different types of spike-train distortions
summarized by Smith (1994) such as conduction block,
spike velocity reduction, refractory-period prolongation,
refractoriness accumulation, intermittent blockage, and
spike evocation. Figure 1d shows similar effects caused by
FAS, adapted from Maia and Kutz (2017, 2015, 2014a, b).

We model the distorted neural encodings of neurons
impaired under axonal injury and/or demyelination, thus
allowing us to understand and predict the likely functional
deficits resulting from a variety of disorders. Our goal is
to express these models in terms of a signal processing
framework where continuous and discrete-time filters
capture the input/output relationships of impaired neural
connections as a function of frequency, spanning the
entire range of neural activity observed from modern
recording techniques. Such frequency-resolved models are
not currently available in the field. Our main result is that
slow-gamma rhythms (25–50 Hz) are surprisingly well-
preserved and optimally guarded against the most common
type of spike-train distortion, while high frequencies are
severely exposed to it. The most robust frequency remains
in the specific range of 38–41 Hz independent of our
parameter and methodological choices. This may provide a
compelling explanation as to why this frequency range is
involved in so many higher cognitive functionalities and in
visual consciousness.

2 Results

We derive simple input/output (i/o) rules at the cellular level
that transform healthy neuronal spike train responses into
injured ones, with filters that can be either discrete-time
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Fig. 1 aMultiple Sclerosis (MS) lesions in spinal cord tissue, in which
axons display residual damaged myelin (green), adapted from S. Wax-
man (Waxman 2006). Demyelination is the dominant pathology inMS.
b Axonal pathology in the form of varicosities (FAS) in the corpus cal-
losum of a young male who died 10h following traumatic brain injury
(TBI). Adapted from Johnson et al. (Johnson et al. 2013); scale bars
of 15m (i) and 30m (ii-iii). FAS is a ubiquitous pathological feature of
TBI across all severities. c Schematic representation of the conduction
properties of normal vs demyelinated central axons, adapted from K.
Smith (Smith 1994). Note that demyelination may significantly distort
the original spike trains, and consequently, the information encoded in
them. d Schematics for FAS effects to spike trains, adapted from Maia
and Kutz (Maia and Kutz 2017). A–D: In this work, we develop a sim-
ple mathematical framework to describe the anomalous changes that
spike trains undergo with discrete and continuous filters for neuronal

activity. Note that in all cases, higher frequencies are typically more
affected than lower ones. e Schematics for frequency-dependent filters
for neuronal impairments. Healthy spike trains are transformed into
impaired spike trains via discrete-time filters given by i/o rules. Firing-
Rate (FR) responses are analogously transformed via continuous-time
filters. Spike trains may be converted into FR signals by convolving
them with kernels (typically gaussian or causal). f Frequency depen-
dent filter (bode plots) for increased refractoriness, the most important
type of axonal injury. The Most Robust Frequency (MRF) to injury is
38 Hz when causal kernel and τ = 4 are used. g Analogous bode plots
using gaussian kernel yields MRF = 40 Hz. h Changing the refrac-
tory parameter does not affect the qualitative shape of the filter. iMRF
remains in the 38–41 Hz frequency range independently of parameter
and kernel choices

(for spike trains) or continuous-time (for firing rates) sig-
nal processors. See Fig. 1e for a simple schematic. Recall
that these transformations, verified by experiments (Smith
1994), can be characterized by classical cable equation
models for spike train propagation (Maia and Kutz 2017;
Maia et al. 2015; Maia and Kutz 2014a, b). Thus our anal-
ysis merges standard methods from computational neuro-
science with an extensive literature in neurology. Speci-
fically, there are eight characteristic transformations of a
spike train which we account for.

2.1 Frequency-dependent filters for neuronal
impairments

We assume that a spike train {xn} is transformed into another
spike train {yn} according to some rule H :

[x0, x1, . . . , xn]
︸ ︷︷ ︸

original

H−→ [y0, y1, . . . , yn]
︸ ︷︷ ︸

impaired

We treat an impairment as a rule that specifies how to
compute the output sequence from the knowledge of the

input sequence {xn}. For simplicity, entries are either 1 (for
a spike) or 0 (else wise), and are typically processed one
at a time by a state machine. The eight i/o rules below
detail the assumptions in our model, with the first two rules
corresponding to mild and severe injury respectively.

(i) Normal conduction If faithful conduction occurs, the
entries of the input/output spike trains will match:

yn = 1 · xn (1)

This is expected in the case of mild injury.
(ii) Total blocking In the case of severe injury, potentially

leading to an axontotomy, the axonal impairment will
delete all spikes in the train so that:

yn = 0 · xn (2)

(iii) Reducing spike velocity Delaying the entire spike
train by k time units yields a relatively straightforward
rule:

yn = xn−k (3)
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(iv) Increasing spike velocity Anticipating the entire
spike train by k time units yields an analogous
expression:

yn = xn+k (4)

(v) Increasing refractoriness This rule will be discussed
extensively throughout this work:

yn = xn − δ(yn−j + xn − 2) for j = 1, . . . , τ (5)

where δ refers to the kronecker delta

δ(i) =
{

1 if i = 0,
0 otherwise,

and τ is the new (increased) refractory period induced by
the i/o rule. This mathematical formulation incorporates
the conditional aspect of the spike deletion. For example,
let x = [1, 1] and τ = 1, then x1 = 1, x2 = 1 and y1 = 1
(by convention). However:

y2 = x2 − δ(y1 + x2 − 2)

= 1 − δ(1 + 1 − 2)

= 1 − 1 = 0.

Thus, if x = [1, 1] then y = [1, 0]. It is easy to verify
that under this rule, [1, 0] → [1, 0] and [0, 1] → [0, 1].
Equation (5), when applied successively, generalizes this
to an arbitrary Inter-Spike Interval (ISI) of length j ,
giving:

[1, 0, 0, . . . , 0, 1
︸ ︷︷ ︸

j

] → [ 1, 0, 0, . . . , 0, 0
︸ ︷︷ ︸

j

].

This impairment is frequency-dependent; spike trains
with higher firing rates (and consequently, with shorter
ISI) are more strongly affected than spike trains
with lower firing rates. This will ultimately lead to
confusions of higher firing rates by lower ones. Figure 1e
exemplifies this rule to a Poisson spike train. We also
derive continuous, firing-rate (frequency) signals for both
healthy/impaired spike trains by convolving them with
a Gaussian or causal kernel (see SI). Figure 1f–g show
continuous counterparts (filter bode-plots) for the i/o rule
above.

(vi) Accumulating refractoriness This type of impairment
is a variant of the previous case, where the new refractory
period τ induced by the i/o rule changes over time
according to some function. A few examples include:

τ(n) =
⎧

⎨

⎩

linear (n), leading to total blocking,
sigmoid (n), leading to a steady value,
sawtooth (n), reseting τ periodically.

(6)

(vii) Intermittent blocking In this case, the impairment
switches between (total) blocking and normal conduction

over time. This can be achieved by multiplying xn by
either 0 or 1 (at every time n) accordingly. If the regimes
switch periodically with a duration of 2π/ω, we can write
the i/o rule concisely as:

yn = xn · square (n, ω) (7)

where square (n, ω) = 1
2 (sign [sin(ω · n)] + 1) is

a wave function alternating between 0 and 1 with
frequency ω. See Fig. 3 for an illustrative example.
There, the top plot exemplifies a healthy Poisson spike
train (in black) and the corresponding injured spike train
(in red). Notice that injured spike train exhibit periodic
windows of no firing activity. The additional plots in
Fig. 3 approximate the firing rates of both spike trains by
convolving them with commonly used kernels.

(viii) Evoking potentials This rule is used when a single
input spike triggers the formation of k additional spikes:

yn = max {xn, xn−1, . . . , xn−k} (8)

For e.g., let k = 2, and x = [0, 0, 1, 0, 0, 0]. Then, we
have y3 = max{0, 0, 1}, y4 = max{0, 1, 0}, andy5 =
max{0, 0, 1}, but y6 = max{0, 0, 0}. Thus, y =
[0, 0, 1, 1, 1, 0], with the single spike in the input train
evoking k = 2 following spikes. Equation (8) generalizes
this example to k evoked spikes, giving:

[0, 0, 1, 0, 0, . . . , 0
︸ ︷︷ ︸

k

, 0, 0 ] → [ 0, 0, 1, 1, 1, . . . , 1
︸ ︷︷ ︸

k

, 0, 0 ].

This type of impairment is also frequency-dependent,
but it affects sparser spike trains more strongly. In fact,
dense spike trains already have too many spikes and the
addition of evoked spikes does not significantly alter its
frequency. Lower firing rates, on the other hand, are more
easily confused with higher ones proportionally to k.

By convolving the spike-trains with appropriate kernels
(window functions) before and after injury, we can obtain
firing-rate counterparts for rules (i)-(viii). See Section 4.5
for details on how we estimated continuous transfer
functions for impairments.

2.2 Frequencies near 38–40 Hz are optimally
guarded against injury

Figure 1f–i show that regardless of or kernel choice, the
magnitude bode-plots always have the same qualitative
shape, each with a clear Most Robust Frequency (MRF).
More importantly, as shown in Fig. 1i, the MRF remains
in the 38–41 Hz range independently of parameter and
kernel choices (see the SI for a detailed discussion of
parameter sensitivity testing). Thus our results demonstrate
the emergent robustness property of cells at slow gamma
frequencies.
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Robustness of hippocampal slow band in memory retrieval
It has been suggested that the gamma band signal can
be broken into 3 distinct bands – slow, medium and fast,
each with likely a different mechanism of signal generation
(Browne et al. 2011). Therefore one of the implications
of our work will be that these bands would be subject to
differential degradation effects due to axonal injury, since
our model shows that slow gamma (35-50Hz) will be better
preserved than the higher ones. This would further imply
that memory retrieval (a function of low gamma between
CA3 and CA1, see Colgin et al. (2009)) should not be as
affected in such injuries as memory formation (function of
high gamma in CA1, from Colgin et al. (2009)). As we
note below, this is indeed the case in TBI and other axonal
injuries.

Colgin et al. (2009) showed that the neural circuits of
the CA1 area of the hippocampus (known for its critical
role in memory) support two distinguished bands of gamma
oscillations: a fast band (≈ 90 Hz) and a slow band
(≈ 40 Hz). Figure 2a shows a cross-frequency coherence
plot showing the two separate bands (fast and slow) of
gamma power (y-axis) modulated by the theta phase (x-
axis) as the rats explore a familiar environment. The
coupling strength is color-coded (dark blue, no coupling;
red, maximal coupling). Figure 2b shows time-frequency
representations of power for a representative recording,
averaged across (a) all theta cycles and (b) theta cycles
with slow-gamma (Colgin et al. 2009). Both panels clearly
illustrate the split of gamma oscillations into two ranges.
While it is expected that the hippocampus should operate
within different gamma ranges for different modalities, it
is not clear why these particular values are used. Figure 1
suggests a compelling hypothesis, namely, that slow-gamma
frequencies are used to overlap with theMRF range of 38-41
Hz. Thus, slow-gamma frequencies are optimally guarded
at a cellular level against common types of spike-train
anomalies while the faster bands are not.

Injury filter aligns with spectrum of working memory
Pesaran et al. (2002) point out the preference for slow-
gamma ranges in working memory tasks and present a
spectral analysis of spiking and local field potential activity
recorded in the cortex from twomacaques during a memory-
saccade task . Their results indicate dynamic memory
fields in neuronal activity that are specific to both the
direction and time of a planned movement. We show their
(population-average) spike spectrum recorded during the
working-memory task in Panel 2D and the spectrum of a
representative single cell in Panel 2E. The spectra are well-
aligned with our proposed filter in Panel 2C, suggesting that
frequency usage in important cognitive functions might be
proportional to their robustness against common types of
spike-train anomalies.
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Fig. 2 Consequences of slow-gamma robustness for memory retrieval.
a Cross-frequency coherence plot from Colgin et al. (2009) shows
two separate bands (fast ≈ 65–140 Hz and slow ≈ 25–50 Hz) of
gamma power (y-axis) modulated by the theta phase (x-axis) in
the CA1 are of the hippocampus. b Time frequency representation
of power for a representative CA1 cell recording, also adapted
from Colgin et al. (2009). We hypothesize that slow-gamma ranges
near 40Hz are involved in memory retrieval due to its robustness
against common types of spike-train anomalies. c Plot shows the
(normalized) magnitude of each transmitted frequency (in Hz) for
increased refractoriness impairment type. We annotate the most robust
frequency (37 Hz), and remark that the slow-gamma range lies in the
vicinity of this maximal value. Conversely, fast gamma frequencies
are more vulnerable to such effects. d–e Population average and
single-cell spike spectrum recorded in the cortex of two macaques
during a working memory task from Pesaran et al. (2002). The
spectra from Panels D–E are well aligned with the filer in Panel C,
suggesting that frequency usage in important cognitive functions might
be proportional to their robustness against injurious mechanisms

3 Discussion

A common practice in computational neuroscience is
to model neuronal pathologies in a binary way, by
treating a neuron and/or its connections as either fully
functional or fully impaired. Recent developments show,
however, that these simpler strategies are not able to
capture the experimentally observed frequency-dependent
errors in spike-train propagation that arise in leading
brain disorders. Our phenomenological signal-processing
framework accounts for major cellular-level pathologies
that distort spike train propagation, including axonal
swellings and demyelination. In fact, robustness-to-injury
might justify why the brain advantageously exploits the
slow gamma range in a broad array of cognitive functions.

Model compatibility with TBI experiments in rats Our pro-
posed pile up impairment mechanism seems to agree with
recent rat experiments with induced mild Traumatic Brain
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Injury (mTBI). Munyon et al. (2014) investigated changes
in hippocampal firing rate patterns during a novel object
recognition task in rats after mTBI. They concluded that
memory deficits after mTBI are associated with lower
intrinsic bursting activity and impaired context-specific fir-
ing patterns in the hippocampus during object exploration.
More specifically, they reported that spike trains after TBI
had significantly lower intra-burst spike frequencies. In fact,
the raster plots for cells in the hippocampus of a sham rat
exhibit several tightly consecutive spikes, but these pairs are
rare in the recordings following TBI. While it is not clear
if the observed changes in spike-trains are due to individual
neural impairments or due to different collective network
deficits, our hypothesis is plausible as pile-up effects delete
proximal spikes, which in turn, increases the ISI within
bursts.

Impaired TC for visual and motor experiments Tuning
Curves (TC) are widely employed to characterize neuronal
responses to stimuli. Since our increased refractoriness filter
is frequency-dependent, we can estimate impaired TC and
potential encoding errors for a few classic experiments: (i)
neural responses of the visual cortex as a bar of light moves
across the receptive field at different angles (Dayan and
Abbot 2001; Henry et al. 1974; Hubel and Wiesel 1968;
Wandell 1995), (ii) retinal disparity recordings for a cat V1
neuron (Dayan and Abbot 2001; Poggio and Talbot 1981;
Wandell 1995), and (iii) recordings from a neuron in the
primary motor cortex of a monkey during an arm-reaching
task (Dayan and Abbot 2001; Georgopoulos et al. 1982).
The mismatch between healthy and impaired TCs might
help identify potential encoding and decoding errors in the
information processing stages in of the task. In all cases, our
results provide testable hypothesis for future experiments.
See the Methods section for details.

MRFalways in the 38–41Hz range Regardless of our param-
eter choices, the bode-plots for our increased refractoriness
filters have always the same qualitative shape, with a most
robust frequency in the 38–41Hz range. This may be justi-
fied by a Goldilocks-type of argument: spike deletion (via
pile-up) rarely occurs in trains generated by a low firing-rate
Poisson process. When they do, however, the third spike in
line is typically so far from the transmitted first spike that
it leads to a drastic (local) increase in the inter-spike inter-
val (ISI). This, in turn, leads to a sharp (local) decrease in
frequency. At intermediate frequencies (30–45 Hz), pile up
occurs more often, but the ISI does not increase so much,
and thus, one effect balances the other. Finally, at higher
frequencies, pile-ups become so frequent that they overcom-
pensate for their smaller impact on ISI. As a consequence,
frequencies in the 38-41 Hz range (slow-gamma range)
seem to be optimally guarded, in a statistical sense, against

this common type of injury. See the SI for a detailed discus-
sion on how such results hold for a broad range of parameter
and kernel choices.

3.1 Special role of neural-responses in the 40-Hz
frequency range

The brain seems to take advantage of the robustness of
slow-gamma frequencies (near 40 Hz) in a broad array of
cognitive functions. As recently summarized in Saleem et al.
(2017), gamma rhythms (30-90 Hz) occur in a wide range
of brain circuits including the amygdala, cerebellum, cortex,
hippocampus, and others (Fries 2009; Middleton et al. 2008;
Cardin et al. 2009; Sohal et al. 2009). They are commonly
implicated in functions such as information transmission
between distinct neuronal subpopulations (Fries 2005;
2009), perception (Fries et al. 2007), attentional selection
(Fries et al. 2001) and memory (Montgomery and Buzsaki
2007). We discuss a few instances in more detail below.

Special role of 40-Hz in memory The CA1 area of the
hippocampus is known to split its gamma oscillations
in two distinct components: a fast band (≈ 90 Hz)
and slow band (≈ 40 Hz). See Colgin et al. (2016,
2009) for details. The hippocampus plays a critical role
in memory (Squire et al. 2004), and there, the authors
suggest that the fast gamma frequencies facilitate memory
encoding while the slow gamma components are involved
in memory retrieval. This separation is important to reliably
distinguish the perceptions of ongoing experiences from
the internally evoked memories. It is therefore intriguing
that our model’s MRF lies within 38-41 Hz, while higher
frequencies were severely compromised (see Fig. 2). This
could explain, for instance, why patients with common
neurological conditions can retrieve older stored memories
more effectively (action that involves slow gamma) than can
create new ones (involves high gamma). This is the case
in TBI-induced memory impairment (Christodoulou et al.
2001), in Alzheimer’s disease (Kirk and Berntsen 2017)
and in the kinds of cognitive dysfunction seen in Multiple
Sclerosis (Rao et al. 1989; Rocca et al. 2015).

Special role of 40-Hz in attenuating AD symptoms Changes
in slow-gamma oscillations have been observed in several
neurological disorders, but most prominently in rat models
for Alzheimer’s Disease (AD) (Palop et al. 2007; Verret
et al. 2012). Iaccarino et al. (2016) showed that external
stimulation of CA1 neurons meticulously at 40 Hz
attenuates the formation of A-beta proteins and plaque
associated with AD in mice. While our calculations do
not explain the histological improvements following the
treatment, they suggest that 40 Hz stimulation may provide
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an unexpected but beneficial collateral effect at a signal-
transmission-level: if more neurons lock/synchronize at
more robust frequencies, the overall capability of the system
to transmit information may also improve. A potential
clinical implication of this is that emerging brain stimulation
treatments like transcranial magnetic stimulation and direct
current stimulation might have optimal efficacy when
applied in the slow gamma range.

Special role of 40-Hz in visual consciousness and awareness
Gold (1999) argued that synchronous oscillations at this
value are causally implicated in visual consciousness.
Several studies of phase-locking in neural oscillations
followed the report of 40-Hz synchronous activity in the
visual cortex of a cat by Gray et al. (1989), and led F.
Crick and C. Koch to make the 40-Hz oscillation the
centerpiece of their theory of visual consciousness and
awareness (Crick and Koch 1990a, b, 1992; Koch and Crick
1994). They further postulated that objects for which the
binding problem has been solved are placed into working
memory (Crick and Koch 1990b), and this idea was later
confirmed by reports of peaks near 40 Hz in the power
spectrum of dynamic memory fields in working memory
tasks (Pesaran et al. 2002). It is not clear, however, why
this specific value is used. This work suggests a compelling
hypothesis, namely, that the brain advantageously exploit
the robustness of slow-gamma frequencies at a cellular level
to transmit information in a more reliable way.

Limitations The output of a given neuron ultimately
depends on the entire network in which the cell is
embedded. Thus, when we propose a filter for an
injured cell, we are modeling signal distortions that occur
at an individual level. In other words, our filters do
not capture collective network malfunction and should
be regarded as building blocks for modeling impaired
networks. This disambiguation is important since gamma
rhythms at a population level are largely associated with
the collective inhibition caused by interneurons. Perhaps
the most straightforward way to experimentally validate
our filters is to grow and damage neurons in vitro, record
the (same) spike train before and after the axonal injury
location, and check if our proposed i/o rules are a good
proxy for the observed signal distortion. At this point,
we make no connections between our proposed filters and
physiological implications to cells that produce the gamma
rhythm or to the inputs to those cells from other parts of
the cortex.

While our results highlight impairments that increase
refractoriness in spike trains, there are many other modes
of failures (see Section 2.1). Frequencies optimally guarded
against them may vary. Our filters were derived from

simulations involving Poisson spike trains and are yet to
be validated on empirical datasets. The variability of inter-
spike intervals (ISI) are of fundamental importance for
some types of neuronal impairments. Since different spike-
generating processes lead to different distributions of ISI,
some processes can be more exposed (or robust) to injuries
than the ones we tested. The optimality of the slow-gamma
frequencies must also be regarded in a statistical sense, i.e.,
it focuses on steady-state frequency responses and ignores
transient effects that might be relevant in modeling cascades
and synchrony in neural circuits. Finally, the degree of
injury was not considered in the present results, and it will
likely depend on individual cases as frequency response in
human subjects may vary.

Future directions Healthy synchronous activity of large
neuronal populations are well understood in all classic
frequency bands. See Rapp et al. (2015) for a recent
review, and in particular, their summary of changes in
spectral power associated with mild traumatic brain injuries.
We remark that the majority of spectral studies listed
by them, however, involve only lower frequencies (delta,
theta, alpha), while studies involving the gamma band are
still largely open. With such a diverse range of frequency
bands, neuronal circuits, and functionalities, our results
may help guide electrophysiological experiments as to what
frequencies are more endangered and/or robust in different
pathological scenarios.

4Methods

4.1 Basic definitions, terminology and notation

Throughout this work, we model a spiking neuron as
a discrete-time system responding to a time-dependent
stimulus s(t). The neuronal response consists of a discrete
sequence of binary values {xn} = [x0, x1, . . . , xN ],
recorded at times {tn} = [t0, t1, . . . , tN ], according to some
input/output rule F :

s(t)
︸︷︷︸

stimulus

F−→ [x0, x1, . . . , xN ]
︸ ︷︷ ︸

spike train response

The rule given by F can be sophisticated: it can be
nonlinear, have a stochastic component, depend on several
state variables (like the Hodgkin-Huxley model), depend on
the combined input from neighboring neurons, etc. Unless
stated otherwise, we assume that the recorded times are
equally spaced, i.e., that |ti+1 − ti | = �t for all i, and
that no more than a single spike is counted within �t . For
simplicity, we will consider spikes as identical stereotypical
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events and ignore differences in their duration, amplitude,
and shape. Thus, we have:

xi =
{

1 if a spike was elicited between (ti−1, ti],
0 otherwise.

Intuitively, a spike-train {xn} is a sequence (or vector)
made of zeros and ones with enough resolution to
produce the raster plots commonly observed throughout the
neuroscience literature. There are different mathematical
formulations to model spike trains (see for instance
(Dayan and Abbot 2001; Reich et al. 1998; Rieke
et al. 1995)), but our setup is particularly convenient to
describe a large variety of impairments caused by neuronal
pathologies. We represent each type of impairments by
a mathematical/computational rule. For instance, a total
blocking impairment is a rule to delete all spikes within a
spike train:

[x0, x1, . . . , xn] → [0, 0, . . . , 0] or yn = 0 · xn.

4.2 List of i/o rules for neuronal impairments

Our list of input/output rules for neuronal impairments fol-
lows closely the schematic representation of the conduction
properties of {normal vs demyelinated axons} or {before vs
after FAS} from Fig. 1b–c. Thus, the output (injured) train
yn is obtained by applying a mathematical rule to the input
(healthy) train xn. See the Results section for details.

4.3 Generating healthy Poisson spike trains

Our i/o rules for neuronal impairments can be applied
generically to any spike train, but it is important in
applications to generate input (healthy) spike trains that are
compatible with the neuronal activity in question. In what
follows, we will generate spike trains via a Poisson Process
(PP) of intensity (or firing-rate) λ, i.e., when the inter-spike
interval τ is governed by a memoryless exponential random
variable of the form P [τ ] = λ exp(−λτ). We summarize
the statistical properties of Poisson spike trains in Table 1.
This choice is somewhat pedagogical (see Dayan and Abbot
(2001) and Rieke et al. (1995)), and we acknowledge that
there are other important processes to generate spike trains
such as modulated and resampled PP, leaky and non-leaky
integrate-and-fire, modulated gamma processes, and others
that cannot be well approximated by the simpler PP (see
Reich et al. (1998)).

The statistical properties of the input spike trains, and
more specifically, the variability of inter-spike intervals
(ISI) are of fundamental importance for some types
of neuronal impairments. For example, the increasing
refractoriness rule deletes the second spike whenever the ISI
of a consecutive pair is sufficiently close. Since different

Table 1 Properties for poisson process with firing rate λ

Symbol Equation Remarks

PT [n] = (λT )n

n! exp(−λT ) Prob. of n spikes within T

〈n〉 = λT Average number of spikes

σ 2
n = λT Variance in spike count

ISI = |t̃i+1 − t̃i | Inter-Spike Interval

P [τ ] = λ exp(−λτ) Exponential distribution

〈τ 〉 = 1/λ Mean of the ISI

σ 2
τ = 1/λ2 Variance of the ISI

CV = στ /〈τ 〉 Coefficient of variation

spike-generating processes lead to different distributions of
ISI, some processes can be more exposed (or robust) to this
type injury than the PP. In fact, from a robustness-to-injury
perspective, not all firing-rates are created equal: if two
spike-generating processes have the same average firing-
rate frequency but different ISI distributions, the one with
higher ISI will be more robust to this type of injury than the
other. We conjecture that this feature may play an important
role in information encoding, especially along long axonal
tracts.

4.4 Approximating firing rates from spike trains

As discussed in Dayan and Abbot (2001), the firing
rate cannot be determined exactly from a limited number
of spike train responses. As a consequence, there are
different methods to approximate/infer this quantity, with
the simplest one consisting in discretizing time into bins
of duration �t , counting the number of spikes within each
bin, and dividing by �t . See Figs. 3 and 4 for examples
of this bin-and-count procedure applied to a healthy spike
train (in black) and to its distorted counterpart after injury
(in red). To mitigate the biases created by the arbitrary bin
placement, it is customary to slide a kernel window function
w(τ) along the spike train ρ and approximate the firing rate
r continuously:

r(t) ≈
∫ +∞

−∞
w(τ)ρ(t − τ)dτ (9)

Table 2 lists commonly used kernels, and Figs. 3 and 4
illustrate their different firing-rate approximations for the
same spike train example. Unless stated otherwise, we will



J Comput Neurosci (2019) 47:1–16 9

Healthy 

Injured 

Time   (ms)

Bin and 
count method

Sliding window 
w/ bin and count

Gaussian Kernel 

Causal Kernel 

Increased Refractoriness Injury Type 

Fi
ri

ng
   

R
at

e 
  (

H
z)

 
Sp

ik
es

Fig. 3 Effects of increased refractoriness to spike trains and neu-
ronal firing rates. In this commonly-observed type of impairment (also
referred to as filtering or pile-up effect (Maia and Kutz 2014a)), if
two consecutive spikes are sufficiently close, the second spike will be
deleted and only the first one will propagate. This occurs in demyeli-
nation (see Fig. 1c and Smith (1994)) and in focal axonal swellings
(see Fig. 1d and Maia et al. (2015) and Maia and Kutz (2017)). The
top plot exemplifies a healthy Poisson spike train (in black) and the

corresponding injured spike train (in red). Notice that the refractory
period of the neural response is effectively increased. See Eq. (5) for
the precise mathematical rule applied to the healthy train to obtain the
injured one. Additional plots approximate the firing rates of both spike
trains by convolving them with commonly used kernels. See Table 2.
We will also estimate continuous counterparts for the discrete-time fil-
ters to show how different frequencies are affected by the injury. See
text for details

use the Causal kernel as default, in which the temporal
resolution is given by 1/α.

4.5 Estimating continuous transfer functions
for impairments

Our set of discrete-time filters provides a rich framework to
model how spike trains are transformed in impaired tracts.
Since firing-rate neural networks are still widely used in
computational simulations of brain circuits, it is natural to
extend our filters continuously to firing-rates as well. For
this, we follow the script below:

1. Generate spike trains compatible with the normal/
healthy neural responses. Select the impairment type
from our i/o list along with plausible parameters.

2. Approximate firing rates from spike trains before and
after injury by convolving them with a suitable kernel
(see Table 2). Healthy and injured responses are now
measured as frequency (typically in Hz) over time
(typically in ms). See Figs. 3–4 for some examples.

3. Track how a fixed frequency in the input/healthy signal
is transformed into others in the corresponding output/
injured signal. Do this for all pairs, over all times, for
all frequencies.

4. Summarize the results into a frequency-dependent
continuous filter that can be applied to any healthy
signal to obtain its (average) injured counterpart.

5. Obtain Bode plots for the continuous filters depicting
changes in magnitude (typically in dB) and in phase
(typically in degrees).
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Fig. 4 Effects of intermittent
blockage to spike trains and
neuronal firing rates. This type
of impairment was reported in
demyelinated axons (see Fig. 1c
and Smith (1994)). Top plot
exemplifies a healthy Poisson
spike train (in black) and the
corresponding injured spike
train (in red). Notice that injured
spike train exhibit periodic
windows of no firing activity.
See Eq. (7) for the precise
mathematical rule applied to the
healthy train to obtain the
injured one. Additional plots
approximate the firing rates of
both spike trains by convolving
them with commonly used
kernels. See Table 2. We will
also estimate continuous
counterparts for the
discrete-time filters to show how
different frequencies are affected
by the injury. See text or details
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There are two sensible approaches for estimating the
transfer function (steps 3-5). In the first, one could use
Welch’s spectral density estimator to determine the marginal
and joint spectra. This requires making a choice of which

Table 2 Commonly used kernels (window functions) to convolve with
observed spike trains to obtain approximate Firing Rates (FR):

Name Equation

Bin and Count1 w(t) =
{

1/�t if − �t
2 ≤ t ≤ �t

2

0 otherwise.

Gaussian Kernel2 w(τ) = 1√
2πσw

exp
(−τ 2

2σw

)

Causal Kernel3 w(τ) = [α2 exp(−ατ)]+

1Uses bins of length �t to control the temporal resolution
2Where σw controls the temporal resolution
3Where 1/α controls the temporal resolution

estimator type (their H1 or H2), as well as the parameters
for the Welch’s estimator (the window type, the size
of a window, the amount of overlap, etc.). Finally, it
would also need a statistical procedure to determine the
parameter values for the spectral density estimator (Fan and
Kreutzberger 1998). Alternatively, one could use the raw
periodogram and cross-periodogram per each trial, and then
average those over trials. We use the second procedure to
get unbiased estimates of the true spectra and average across
trials to reduce the variability of the estimates.

Figure 1 shows filters for increased refractoriness
impairment for different kernels and parameters. The
filters in Fig. 5 correspond to the intermittent blockage
impairment (with switching frequency ω = π/50) and to
the evoked potentials impairment. They can be interpreted
as continuous-filter counterparts for the i/o rules in Eqs.
(7) and (8) respectively. Their bode plots are significantly
different from increased refractoriness impairment, with
Fig. 5a exhibiting an accentuated phase shift and with
the magnitude values in Fig. 5b being positive for all
frequencies.



J Comput Neurosci (2019) 47:1–16 11

M
ag

ni
tu

de
  (

dB
)

Ph
as

e 
 (

de
g.

)

1 200
Freq.  (Hz) 

1 200
Freq.  (Hz) 

1 200
Freq.  (Hz) 

1 200
Freq.  (Hz) 

-180

180

Filter for Intermittent Blockage
Causal Kernel

Ph
as

e 
 (

de
g.

)

-180

180

Filter for Evoked Potentials
Causal Kernel

-40

-10

M
ag

ni
tu

de
  (

dB
) 18

10

a b

Fig. 5 Bode plots for continuous filters corresponding to other types of
neural impairments. a Filter for intermittent blockage with switching
frequency ω = π/50. As expected, there was a significant shift in the
average phase plot. See Eq. (7) and text for details. b Filter for evoked
potentials, where in this case, a input spike triggers 4 others. Notice
that the magnitude values are positive for all frequencies. See Eq. (8)
and text for details. In all cases, the input spike trains were realization
of a Poisson process, and one should expect different values for the
filters if other methods are used instead

4.6 Robustness of results to parameter choices

A crucial aspect of our results is its robustness to broad
changes in parameters. There are two parameters involved
in generating (healthy) response-frequencies: the intensity
of the Poisson spike-generator and the kernel window-size
used during the convolution step. We remark that the same
frequency (in Hz) can have different underlying statistics
of Inter-Spike-Intervals (ISI) that in turn, can be convolved
with kernels of different resolution. The ISI depends on
λ and the Firing Rate (FR) depends on σ . Low values
(high values) of σ correspond to a high resolution (low
resolution) Gaussian kernel. Thus, a FR = 100 Hz generated
by λ = 0.100 spikes/millisecond and σ = 10ms has
a different underlying spike-train structure than a FR =
100 Hz generated by λ = 0.125 spikes/millisecond and
σ = 50ms. It is reasonable to expect that the Most
Robust Frequency (MRF) to injury would also depend on λ

and/or σ . Figure 6 summarizes an extensive parameter space
exploration to show that, for a broad range of parameter
values, the MRF remains within the slow-gamma frequency
band (5-fold increase in σ , 1.5-fold increase and .75-fold
decrease in λ, and 3-fold increase in τ ) (Fig. 6).

4.7 Spike train input generated by
non-Homogeneous Poisson Processes (nHPP)

Our results thus far focused on input spike trains being
generated by a Homogeneous Poisson Process. However,
given the high dependency of the transfer function to the
input process, we investigate if our main result still holds in
a more biologically plausible scenario. It is expected that a
neuron responding to a stimulus will generate spike trains
that are better approximated by non-Homogeneous Poisson
Processes (nHPP), i.e., when the intensity λ of the process is
now time-dependent λ(t). It is customary in neuroscience to

Fig. 6 Robustness of results to parameter choices. We estimate the
Most Robust Frequency (MRF) to the increased-refractoriness injury
for different values of: Poisson spike-generator intensity (λ = 0.075,
0.100, 0.125 and 0.150 spikes/millisecond), for different sizes of
kernel window (σ = 10, 15, 20, ..., and 50 ms), and for different
refractoriness parameters (τ = 4, 8 and 12ms). The large panels on
the left depict the MRF as a function of and . Every point annotated
in the graphs was averaged over 3000 spike trains of length 1000ms
each. Thus, the figure summarizes simulations. Note that for σ = 10
all plots give MRF = 40 Hz. The smaller panels on the right show
a zoomed version of the larger panels on the left. Denoting m∗ the
magnitude (amplitude) associated with the MRF, we shade frequencies
with magnitude above .95m∗. Larger λ, τ , and σ values lead to larger
MRF, but slow-gamma frequencies always remain within the MRF
band

model λ(t) with a piecewise-constant function (see Dayan
and Abbot (2001)), and thus, we will follow the schematics
for λ(t) shown in Fig. 7a: (i) we assume that the neuron
has a lower baseline firing rate given by λbase. (ii) At
t = t1, the intensity increases to an intermediate value λint

triggered by some stimulus. (iii) At t = t2, the intensity
achieves its maximum value λmax . (iv) Finally, at t = t3,
the stimulus ends and λ drops to its baseline value. In our
nHPP simulations, we will treat a spike train generated by
steps (i)-(iv) as one input realization and proceed as before
to obtain the corresponding filters. In what follows we will
show that changes in the duration and in the intensity of each
step (i)-(iv) do not affect the MRF.

As schematized in Fig. 7a, we scale the maximum
intensity λmax by multiplying it by different values of α,
and set λbase = λmax/4 and λint = λmax/2. Analogously,
we fix the duration �t of steps (i), (ii) and (iv) and scale
the length of step (iii) by multiplying it with β for different
values of β. The range for both scaling factors α and β

consists of [0.50, 0.75, 1.00, 1.25, 1.50, 1.75]. Figure 7b
shows amplitude (magnitude) filters for λmax = .100
spikes/millisecond, with �t = 200ms, for the increasing
refractoriness injury type (τ = 4ms), for extremal values of
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Fig. 7 Robustness of results to non-Homogeneous Poisson Process
(nHPP). a Tomodel a more biologically plausible time-dependent λ(t),
we assume that (i) the neuron has a lower baseline firing rate given by
λbase, (ii) at t = t1, the intensity increases to an intermediate value
λint triggered by some stimulus, (iii) at t = t2, the intensity achieves
its maximum value λmax , and (iv) at t = t3, the stimulus ends and λ

drops to its baseline value. We vary the intensity and duration of step
(iii) by multiplying λmax and �t by α and β in [0.50, 0.75, 1.00, 1.25,
1.50, 1.75]. b shows amplitude (magnitude) filters for the increasing
refractoriness injury type (τ = 4ms) for [α = .50, β = .50], [α =
.50, β = 1.75], [α = 1.75, β = .50], and [α = 1.75, β = 1.75].
Note that there are no significant changes to the transfer function and
that MRF = 38 Hz holds for all cases, suggesting that the robustness of
slow-gamma may hold for multiple models of spike train statistics

α and β in the range above. Note that there are no significant
changes to the overall shape of the transfer function, and
that the MRF remains the same in all cases. The invariance
of the MRF (around 38 Hz) to piecewise-constant nHPPs
is a strong indicator that the robustness of the slow-gamma
range may hold for multiple neuronal models of spike train
statistics.

4.8 Impaired TC for visual andmotor experiments

Tuning Curves (TC) are widely employed to characterize
neuronal responses to stimuli. As shown in Dayan and
Abbot (2001), the firing rate (frequency) - derived from the
number of action potentials fired during several trials of the
task - is typically written as a function of an appropriate
stimulus parameter. Since our increased refractoriness
injury filter is frequency-dependent (see Fig. 1), we can
estimate corresponding impaired TC and potential encoding
errors for a few classic experiments.

Impaired TC in visual experiments Figure 8a is adapted
from Dayan and Abbot (2001) and shows extracellular
recordings from the primary visual cortex of a monkey
as a bar of light moves across the receptive field of the
cell at different angles (Hubel and Wiesel 1968; Wandell
1995). Figure 8b plots a TC (in black) for analogous
experiments done on a cat (Henry et al. 1974). We apply
the increased refractoriness filter (Fig. 1) to the healthy
TC to estimate its injurious counterpart (in red). Panel 5C
compares both curves in details; we annotate grids with 10%
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Fig. 8 a Recordings from a neuron in the primary visual cortex of a
monkey. A bar of light was moved across the receptive field of the cell
at different angles, adapted from Dayan and Abbot (2001), Wandell
(Wandell 1995) and Hubel and Wiesel (1968). bAverage firing rate (in
Hz) of a cat V1 neuron plotted in black as a function of the orientation
angle of the light bar stimulus, adapted from Dayan and Abbot
(2001) and Henry et al. (1974). Estimated injured/filtered response (in
red) for neuron with increased refractoriness impairment. c Detailed
comparison between healthy and injured Tuning Curves (T.C.); notice
the changes in angular bands for 10% frequency increments (left plots)
and the changes in frequency bands for 10% angular increments (right
plots). These discrepancies in signal encoding and decoding may lead
to confusion and errors in the neural information processing stages

increments in the frequency response range (y-axis) and the
corresponding angle bands they encode (x-axis). This lead
to the horizontal bars (on the bottom) with alternating light
and dark colors (blue for healthy TC and red for injured
TC). Analogously, we annotate the grids on the right plots
with 10% increments in the angle range (x-axis) and their
corresponding frequency bands (y-axis), which yields the
vertical bars (on the right). The mismatch between bars
might help identify potential encoding and decoding errors
in the information processing stages of the task.

Figure 9 shows a second example of impaired tuning
curve for a visual-experiment, also following Dayan and
Abbot (2001). Figure 9a schematizes the notion of retinal
disparity, where the position of an object located nearer
than the fixation point in the retina is shifted. Figure 9b
shows the healthy TC (in black) for a cat V1 neuron
responding (in freq.) to separate bars of light illuminating
each eye as a function of the retinal disparity (stimulus).
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Fig. 9 a Definition of retinal disparity (adapted from Dayan and
Abbot (2001) and Wandell (1995)), where arrows show the location
on each retina of an object located nearer than the fixation point F.
The disparity angle s is also indicated. b Average firing rate of a cat
V1 neuron responding to separate bars of light illuminating each eye
as a function of the disparity angle. The healthy tuning curve is plot
in black and adapted from Dayan and Abbot (2001) and Poggio and
Talbot (1981). The estimated injured/filtered response is shown in red
for a neuron with increased refractoriness impairment. See text for
more details

The corresponding injured TC is shown in red. Once again,
higher frequencies are more affected by the pathological
mechanism than slower frequencies and may lead to more
encoding/decoding errors.

Impaired TC in motor experiments Our last TC example
applies to a brain area in which the neural responses
represent a motor action. Figure 10a (adapted from Dayan
and Abbot (2001) and Georgopoulos et al. (1982)) depicts
recordings from a neuron in the primary motor cortex of
a monkey during an arm-reaching task. In this setup, the
neuronal response frequency f varies according to the
reaching angle s of the arm movement. Figure 10b shows
the healthy TC in black (adapted from Dayan and Abbot
(2001) and Georgopoulos et al. (1982)) and the correspon-
ding injured TC in red (for the increased refractoriness
impairment). In Fig. 10c, we annotate the grids with 10%
increments as before. One can easily see the discrepancies
between the healthy and injured incremental bands for
decoding (horizontal bars) and encoding (vertical bars).
Most interestingly, the results show that the angular
directions between 100◦ − 225◦ (i.e., in the third quadrant
in Fig. 10a) exhibit the highest discrepancies between
healthy vs injured TCs. Thus, we conjecture that a
monkey with neuronal impairments to the M1 caused by
traumatic brain injuries (and/or other brain disorders) would
experience accentuated motor difficulties in reaching these
specific directions. Conversely, the monkey would perform
significantly better when reaching directions associated with
low frequencies (0◦ − 90◦ and 270◦ − 360◦). This provides
a mathematically precise, intuitive and testable hypothesis
for future experiments to validate our models.
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Fig. 10 a Recordings from the primary motor cortex of a monkey
performing an arm-reaching task. Rasters for different reaching
directions show action potentials fired on five trials. Figure adapted
from Dayan and Abbot (2001) and Georgopoulos et al. (1982). b
Average firing rate plotted as a function of the direction in which
the monkey moved its arm. Healthy tuning curve (TC), plot in black,
was also adapted from Dayan and Abbot (2001) and Georgopoulos
et al. (1982), while the red injured TC was estimated for a neuron
with increased refractoriness impairment. See text for more details.
c Detailed comparison between healthy and injured TCs; notice the
changes in angular bands for 10% frequency increments (left plots)
and the changes in frequency bands for 10% angular increments
(right plots). The angular directions between 100◦ − 225◦ (i.e., in the
third quadrant in Panel A) exhibit the highest discrepancies. Thus,
we conjecture that a monkey with neuronal impairments to the M1
caused by traumatic brain injuries (and/or other brain disorders) would
experience accentuated motor difficulties in reaching these directions.
Conversely, the monkey would perform significantly better when
reaching directions associated with low frequencies (0◦ − 90◦ and
270◦−360◦). This provides a precise and testable hypothesis for future
experiments

5 Summary

Injured neurons distort, confuse or block the information
encoded in spike trains. Wether injury occurs through
demyelinating effects or focal axonal swellings, spike trains
are compromised in a similar fashion in traumatic brain
injuries as well as a number of leading neurodegenerative
diseases such as Alzheimers and Multiple Sclerosis. These
incurable brain disorders are of great societal interest since
they are respectively the most common type of autoimmune
disease, dementia, and a leading source of death/disability
among youngsters. We show in a simple phenomenological
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model of single cells that neural-response frequencies in
the slow-gamma range of 38–41 Hz statistically emerge as
the most insulated against common spike-train distortions
caused by injury. Since external stimulation at precisely
40 Hz ameliorated Alzheimer’s symptoms in a recent mice
experiment, the slow-gamma robustness at a cellular level
may provide an unexpected beneficial side effect to signal
transmission as well. Our findings may also help explain
why this band is so strongly implicated in both memory
retrieval and visual consciousness.
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