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July 24, 2012

Dear Neuron Editors:

Please consider the attached manuscript, entitled “Two distinct neuronal mechanisms underlying high
frequency power changes in human local field potential recordings,” for publication as a Report in Neuron. In
this manuscript, we present the first direct evidence that there are two neuronal contributions to broadband,
high frequency spectral changes in local field potentials (LFPs) recorded from the human brain.

LFP recordings measure aggregate electrical activity from large collections of neurons and can be a powerful
tool to study neural mechanisms that support various behavioral and cognitive states (Buzsaki, 2006).
Because they can be obtained from implanted electrodes in neurosurgical patients, these recordings o↵er an
opportunity to study the human brain with better spatial and temporal resolution than non-invasive imaging
methods (e.g., functional magnetic resonance, scalp electroencephalography). However, a critical barrier to
deriving useful information from LFP recordings is our limited ability to infer physiological processes from
observed LFP changes (Buzsaki et al., 2012).

Towards overcoming this barrier, recent work has described a positive correlation between neuronal firing
rates and broadband, high frequency changes in LFP power spectra (Manning et al., 2009, Ray and Maunsell,
2011). To further explore this positive correlation, we simultaneously recorded LFPs and single-neuron
activity from 2,030 neurons across 20 neurosurgical patients. We found that high frequency spectral changes
in LFP recordings can be driven by two distinct subpopulations of neurons: superlinear neurons, which
predominantly contribute to high frequency power when they are firing rapidly, and linear neurons, which
contribute to high frequency power regardless of their firing rates. Additionally, we found that superlinear
and linear neurons displayed di↵erent correlations with surrounding neurons in the local population,
suggesting that they likely represent functionally distinct neuronal classes.

We expect our work to have widespread influence on the neuroscience community. In particular, our findings
suggest that broadband, high frequency changes in spectral power, which are commonly observed during
behavior (Crone et al., 2011), can be driven by two distinct neuronal mechanisms. Furthermore, superlinear
and linear may encode distinct information because they relate di↵erently with the local network. Thus,
our findings suggest that superlinear and linear neurons should be analyzed seperately in single-neuron
studies of behavior and cognition.

Research highlights:

• Two neuronal subpopulations display a positive correlation with HFP (50-200 Hz)

• Superlinear neurons increase their correlation with HFP as a function of firing rate

• Linear neurons maintain a similar correlation with HFP across various firing rates

• These subpopulations di↵er in their local neuronal correlations

We suggest the following scientists as potential referees: Drs. György Buzsáki, Kai Miller, Supratim Ray,
Nikos Logothetis, and Yuval Nir.

Thank you for your consideration.

Sincerely,

Ashwin G. Ramayya
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Summary

Recent work has established broadband, high frequency power (50-200 Hz) in the local field

potential (LFP) as an important correlate of neuronal firing rates. To better understand how the

firing rates of individual neurons relate to high frequency power in the LFP, we simultaneously

recorded single-neuron firing and LFPs from the brains of 20 neurosurgical patients. Analyzing

data from 2,030 neocortical and medial temporal lobe neurons, we identified neurons whose

firing rates were positively correlated with high frequency power and assessed whether there

were non-linearities in these relations. We discovered two subpopulations of neurons: one for

which increases in firing rate were associated with superlinear increases in high frequency power,

and another for which increases in firing rate were associated with linear increases in high

frequency power. These subpopulations of neurons displayed distinct local neuronal correlations

and thus likely represent functionally distinct contributions to high frequency changes in LFP

power.
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Research highlights:

• Two neuronal subpopulations display a positive correlation with HFP (50-200 Hz)

• Superlinear neurons increase their correlation with HFP as a function of firing rate

• Linear neurons maintain a similar correlation with HFP across various firing rates

• These subpopulations di↵er in their local neuronal correlations
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Introduction

Whereas much has been learned about how spectral components of the local field potential (LFP)

vary with behavioral and cognitive states (Buzsáki, 2006; Manning et al., 2011, 2012), the relation

of the LFP to underlying neuronal activity remains poorly understood. A deeper understanding

of the neuronal mechanisms underlying spectral changes in the LFP is particularly important for

studies where single-neuron firing rates are not recorded (Buzsaki et al., 2012).

Several aspects of the relation between neuronal activity and the LFP have recently been

characterized. For example, the firing rates of individual neurons have been shown to be

positively correlated with broadband, high frequency power (HFP, most prominently in the

50–200 Hz range) in the LFP, both in humans (Manning et al., 2009) and monkeys (Ray et al.,

2008a,b; Whittingstall and Logothetis, 2009). These spectral changes, which have been referred to

in the literature both as changes in “high-gamma” and “broadband” power, are observed as

changes in power at a broad range of high frequencies, and likely represent a distinct

physiological process from the well-described, 30–50 Hz gamma oscillation (Jacobs et al., 2010b;

Miller, 2010; Crone et al., 2011; Ray and Maunsell, 2011).

When describing the relation between neural firing and HFP, many studies implicitly assume

a linear relation between the two processes (Fries et al., 2001; Mukamel et al., 2005; Rasch et al.,

2008; Manning et al., 2009). However, recent work has suggested that there may be substantial

non-linearities in the firing rate–HFP relation (Nir et al., 2007; Ray et al., 2008a; Mazzoni et al.,

2010). Nir et al. (2007) described neurons in the human auditory cortex whose firing rates became

more positively correlated with HFP as they became more positively correlated with the firing

rates of surrounding neurons in the local population. Furthermore, Ray et al 2008a proposed a

model which predicts a superlinear relation between firing rate and HFP when sampling from a

neuronal population that is firing in a correlated manner, but a linear relation when sampling
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from a population that is firing in an uncorrelated manner.

To determine whether neurons in the human brain exhibit such non-linearities, we analyzed

simultaneous single-neuron and LFP recordings taken as neurosurgical patients performed a

virtual navigation task (Ekstrom et al., 2003). Our analyses revealed two populations of neurons:

one that displays a superlinear relation between firing rate and HFP, and another that displays a

linear relation. We show that superlinear neurons display greater firing rate–related increases in

local neuronal correlations than do linear neurons. Our findings thus suggest two distinct

neuronal mechanisms that underlie high frequency spectral changes in the LFP.

Experimental Procedures

Electrophysiological recordings. We analyzed microelectrode recordings from 20

neurosurgical patients undergoing treatment for drug-resistant epilepsy. Patients played a

virtual-navigation game, Yellow Cab, in which they assume the role of a taxi driver and chau↵eur

(virtual) passengers to their desired destinations. While playing this game, patients learn the

virtual environment’s layout (Newman et al., 2007). Previous studies have used this dataset to

report on the neural correlates of spatial navigation (Caplan et al., 2003; Ekstrom et al., 2003, 2005;

Jacobs et al., 2010a) and the relation between single-unit firing and spectral features of the LFP

(Jacobs et al., 2007; Manning et al., 2009).

Patients were implanted with 6-12 depth macroelectrodes to map functional brain tissue and

identify their seizure foci for potential subsequent surgical resection. Nine microwires (40 µm in

diameter) extended from the tip of each depth macroelectrode and recorded voltage from local

regions of cortex (the ninth wire served as a recording reference). We obtained 32 kHz recordings

from the frontal cortex, posterior cortex (temporal, parietal and occipital cortices), amygdala,

hippocampus, and parahippocampal region (Witter, 2002). We isolated both low-frequency LFPs
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(Mukamel et al., 2005; Jacobs et al., 2007) and high-frequency single-unit action potentials (Fried

et al., 1999) from each microwire contact. We used the WaveClus software package (Quiroga

et al., 2004), to identify 0-4 neurons per microwire, for a total of 2,030 neurons across all

participants. We then convolved each neuron’s spike train with a Gaussian kernel (half-width =

500 ms) to generate a smoothed firing rate over each recording session. To prevent action

potential waveforms from contaminating the LFP signal, we replaced the data samples in the -2

to 8 ms window surrounding each action potential with a linear interpolation of the underlying

LFP signal (Jacobs et al., 2007). In order to reduce computational load, we downsampled the LFP

recordings to 2 kHz. We then applied second-order Butterworth notch filters at 60 Hz, 120 Hz

and 180 Hz to remove line noise and harmonics thereof.

LFP feature extraction We measured oscillatory power in the LFP signal using Morlet wavelets

(wave number = 5) at 50 log-spaced frequencies between 2 and 200 Hz. We log-transformed the

wavelet-calculated powers to make the distributions approximately Gaussian (Percival and

Walden, 1993; Henrie and Shapley, 2005) and z-transformed the powers recorded at each

electrode to have a mean of 0 and a SD of 1 to account for inter-electrode impedence di↵erences.

We also z-tranformed the power distribution at each individual frequency to have a mean of 0

and a SD of 1 so that power at individual frequencies contributed equally to our analyses despite

the overall 1/ f ↵ shape of the power spectrum. To analyze the relation between spectral power

and neuronal firing rates, we next divided each recording session into 500 ms epochs. This epoch

length was chosen to balance temporal resolution (which we sought to maximize) with

correlation across successive measurements (which we sought to minimize). In each epoch, we

then computed the mean smoothed firing rate (FR), and mean broadband high-frequency power

(HFP, 50–200 Hz). We removed epochs with either FR or HFP above the 99th percentile to reduce
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the e↵ects of non-biological noise on our analysis.

HFP+ neurons Because previous work has shown that HFP is generally positively correlated

with FR (Mukamel et al., 2005; Manning et al., 2009; Ray and Maunsell, 2011), and because our

goal here is to understand the nature of this positive correlation, we have limited our analyses to

neurons whose FRs were positively correlated with HFP (HFP+ neurons). For each neuron, we

computed a Pearson’s correlation coe�cient (r) between FR and HFP over the entire recording

session (with one mean FR, and one mean HFP measured for each 500 ms epoch). We used a

permutation procedure to determine whether r was statistically significant. For each neuron, we

generated 1,000 shu✏ed recordings by circularly shifting the FR values across epochs by a

random number of elements. We then computed r between FR and HFP in each shu✏ed session

and determined, for each neuron, the value of r that allowed for a 5% false positive rate in

designating the neuron as HFP+ (rFP). We designated a neuron as HFP+ if r was greater than rFP.

We excluded two recording sessions that had relatively few observations (< 5 percentile, 14.8

min) when compared to the typical session (mean ± SD, 24.53 ± 6.56 min). Additionally, we

excluded sparsely firing neurons (mean firing rates < 1 Hz) as they are often incorrectly labelled

as independent neurons by waveform clustering algorithms (Quiroga et al., 2005; Martinez et al.,

2009).

Assessing the non-linearity of the FR–HFP relation To assess the non-linearity of the FR–HFP

relation, we used a sliding window-based method to estimate how HFP changed as a function of

the FR of each neuron. Based on FR across the entire recording session, we identified

incrementally increasing and overlapping firing rate windows (0-20, 0.1-20.1,...80-100 percentile),

henceforth “windows.” Prior to defining these windows, we excluded epochs that contained no

spikes. Each window contained an approximately equal number of 500 ms epochs. For each
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window, we computed mean FR and mean HFP to generate a FR–HFP function, which

summarized the relation between each neuron’s FR and HFP. Next, we assesed whether there

were significant non-linearities in this relation by fitting a quadratic model to each neuron’s

FR–HFP function using least-squares regression. If the second-order � coe�cient of this model

was significantly greater than zero (as determined by a permutation procedure; see below), we

classified the neuron as “superlinear.” If the second-order � coe�cient was significantly less than

zero, we classified the neuron as “sublinear.” If the second-order � coe�cient was not

significantly di↵erent from zero, we classified the neuron as “linear.” In this way, we classified

neurons based on the non-linearity of their firing rate-LFP relations.

Again, we used a permutation procedure to measure the statistical significance of these

patterns. For each neuron, we generated 1,000 shu✏ed FR–HFP functions by repeating our

sliding window-based analysis on shu✏ed recordings, where the FR values were circularly

shifted accross epochs (see “Identifying HFP+ neurons”). We then used least squares regression

to fit quadratic functions to each of these 1,000 shu✏ed FR–HFP functions and determined a p

threshold to ensure a 5% false-positive rate for designating a neuron as nonlinear (superlinear or

sublinear).

Assessing a neuron’s relation to the surrounding neurons in the local population Because

each macroelectrode had 8 microelectrode contacts (see, “Electrophysiological recordings,”

above) we were able to obtain simultaneous recordings from multiple neurons within a localized

region of cortex (Fried et al., 1999). Thus, we were able to assess each neuron’s relation to

neighboring neurons in the local population. For each neuron, we defined “neighboring

neurons” as neurons recorded on the same macroelectrode, but not on the same microelectrode

contact (to avoid artifactual correlations that may have emerged when the clustering algorithm
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falsely labelled a single neuron as multiple neurons). We only considered neurons with at least 6

identified neigboring neurons to ensure adequate sampling of the surrounding population while

maintaining a sizeable number neurons in the analysis.

To simultaneously capture fluctuations in the FR–HFP and FR–FR relations, we divided each

neuron’s recording session into 10-second time epochs and quantified the FR–HFP and the

FR–FR relations in the following manner. For the FR–HFP relation, we measured the Pearson’s

correlation coe�cient between FR and HFP (rFR�HFP), each measured over 500 ms epochs (see

“LFP feature extraction”). For the FR–FR relation, we calculated the mean pairwise correlation

(rFR�FR) between the neuron’s FR and FRs of neighboring neurons, again measured over 500 ms

epochs. The mean pairwise correlation assesses the degree to which the firing rates of local

neurons covary, but does not assess synchronous (or co-incident) firing of individual action

potentials within the local population (Denker et al., 2011).

Results

Twenty neurosurgical patients were implanted with microelectrode bundles that simultaneously

recorded co-localized neuronal spiking (2,030 neurons total) and LFP signals as they performed a

virtual navigation task. For each neuron, we mesured mean firing rate (FR) and mean high

frequency power (HFP, 50–200 Hz) recorded from the microelectrode over 500 ms epochs. We

identified 1,155 neurons met our minimum FR and session length inclusion criteria (see

Experimental Procedures). We found the FRs of 330 of these neurons to be positively correlated

with HFP (HFP+ neurons, as compared with the expected count of 57 neurons,

�2
1 = 1, 351; p < 0.001). For each HFP+ neuron, we generated a FR–HFP function, which measured

FR and HFP over incrementally increasing and overlapping quintiles of firing rate (Figures 1.a

and 2.a). We observed many of these neurons to have positively accelerated FR–HFP functions.

8



To quantify these nonlinearities, we fit a quadratic model to each neuron’s FR–HFP function. If

the second-order � coe�cient of this quadratic model was significantly greater than zero (as

determined by a permutation procedure), we classified the neuron as superlinear; if it was

significantly less than zero, we classified the neuron as sublinear. On the other hand, if the

second-order � coe�cient was not significantly di↵erent from zero, we classified the neuron as

linear. A superlinear function suggests that FR is most positively correlated with HFP during

periods of relatively rapid firing, while a sublinear function suggests that FR is most positively

correlated with HFP during periods of relatively slow firing. A linear function, on the other hand,

suggests that FR is similarly correlated with HFP both during periods of rapid and slow firing.

Among HFP+ neurons, we identified more superlinear neurons (n=100), but not more

sublinear neurons (n=5), than expected by chance (�2
2 = 1, 047; p < 0.001, Table S1). The few

sublinear neurons detected here were likely false-positives from our sliding window-based

detection method, which we set to have a 5% false positive rate (see Experimental Procedures);

therefore, we do not discuss these sublinear neurons further. In summary, we found that the

population of HFP+ neurons were comprised of superlinear and linear subpopulations. The

remainder of our analyses assess di↵erences between these neuronal subpopulations.

Relation between firing rate (FR) and high frequency power (HFP)

Figure 1 shows a representative superlinear neuron. The scatterplot (Figure 1a.) indicates how

HFP changes with FR over the entire recording session. A quadratic model fit to this neuron’s

FR–HFP function (solid line) was associated with a significantly positive second-order �

coe�cient (p < 0.05 via permutation procedure), indicating that HFP increased as a superlinear

function of FR in this neuron. This means that the FR for this neuron was typically more

positively correlated with HFP during periods of rapid firing (e.g., 1.c, mean FR = 10.6 Hz,
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rFR�HFP = 0.80) than during periods of slow firing (e.g., 1.b, mean FR = 4.60 Hz, rFR�HFP = �0.51).

On the other hand, a representative linear neuron (Figure 2) was associated with a non-significant

second-order � coe�cient (p > 0.2, via permutation procedure) suggesting that increases in the

FR of this neuron were associated with linear increases in HFP. The FR of this linear neuron was

similarly correlated with HFP during periods of rapid firing (e.g., 2.c, mean FR = 11.9 Hz,

rFR�HFP = 0.78 ) and during periods of slow firing (e.g., 2.b, mean FR = 5.40 Hz, rFR�HFP = 0.76).

[Figure 1 about here.]

[Figure 2 about here.]

Figure 3.a illustrates the form of the FR–HFP relation across superlinear and linear HFP+

neurons. As a further test of the non-linearities observed in the FR–HFP functions of superlinear

neurons, we found that the correlation between FR and HFP was higher during 10 second epochs

of relatively rapid firing (highest quartile, r̄FR�HFP = 0.14) than during periods of relatively slow

firing (lowest quartile, r̄FR�HFP = 0.05, t(99) = 7.98; p < 0.001). This di↵erence was not significant

for linear neurons (rapid firing, r̄FR�HFP = 0.11, slow firing, r̄FR�HFP = 0.10, t(224) = 0.30; p > 0.5 ).

Similarly, the correlation between rFR�HFP and FR was positive for superlinear neurons (r̄ = 0.11,

t(99) = 7.83; p < 0.001) but not for linear neurons (r̄ = �0.002, t(224) = �0.23; p > 0.5).

[Figure 3 about here.]

Anatomical distribution and intrinsic physiological properties

Superlinear neurons were less frequently observed (30%) than linear neurons (68%,

�2
1 = 48.1, p < 10�12 Figure 3.b) and displayed a di↵erent anatomical distribution (Figure 3.c). In

particular, superlinear neurons were more frequently observed in the posterior cortex (PCx, 42%

vs. 28%) and hippocampus (Hippo, 28% vs. 18%), but less frequently observed in the frontal
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cortex (FCx, 12% vs. 18%), parahippocampal region (Par, 4% vs. 10%) and amygdala (Amyg, 14%

vs. 26%, �2
4 = 24.1; p < 0.001). Superlinear and linear neurons did not di↵er in terms of their

intrinsic physiological properties such as action potential waveform amplitudes (mean

superlinear = 43.5 mV, mean linear = 42.0 mV, t(323) = �0.45; p > 0.5), waveform durations

(measured as peak to trough time, 0.87 ms, 0.85 ms, t(323) = 1.31; p = 0.19), or mean firing rates

(3.94 Hz, 4.08 Hz, t(323) = �0.34; p = 0.73) (Figure 3.d,e.).

Relation to surrounding neurons in the local population

If HFP reflects aggregate firing of local neurons (Miller, 2010), one might expect superlinear and

linear neurons to di↵er in their relation to surrounding neurons in the local population. Because

each of our depth electrodes had multiple microwire contacts, our dataset contained many

simultaneous single-neuron recordings from multiple neurons within a localized region of cortex

(Fried et al., 1999). For each neuron in our dataset, we defined “neighboring neurons” as neurons

that were identified on the same depth electrode, but not on the same microwire contact.

Neurons in our dataset had varied number of neighboring neurons ranging from 0–20 (mean ±

SD, 5.31 ± 5.49). We limited our subsequent analyses to neurons with at least 6 neighboring

neurons in order to obtain a representative sample of the local population, but still maintain a

sizeable number of observations.

Of the 1,155 neurons that met our mean FR and minimum session length criteria (see

Experimental Procedures), 594 neurons were associated with at least 6 neighboring neurons.

Among these neurons, we identified 137 as HFP+, with 46 identified as superlinear and 87 as

linear. The proportions of superlinear and linear neurons within this subset of HFP+ neurons did

not significantly di↵er from those described over the entire sample of HFP+ neurons

(�2
2 = 2.71; p = 0.26). For each neuron, we caclulated the mean pairwise correlation between FR of
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each neuron and it’s neighboring neurons (rFR�FR, see Experimental Procedures).

To illustrate our basic method consider the superlinear neuron illustrated in Figure 1. This

neuron was positively correlated with the FRs of surrounding neurons during the 10 second

epoch of rapid firing when it was positively correlated with HFP (Figure 1.c ,rFR�FR = 0.43), but

only weakly correlated with the FRs of surrounding neurons during the 10 second epoch of slow

firing when it was not positively correlated with HFP (Figure 1.b, rFR�FR = 0.08). On the other

hand, the FR of the linear neuron illustrated in Figure 2 was positively correlated with the FRs of

surrounding neurons both during the period of rapid firing (Figure 2.c ,rFR�FR = 0.50) and during

the period of slow firing, when FR was positively correlated with HFP (Figure 2.c ,rFR�FR = 0.43).

To determine whether superlinear neurons exhibit stronger FR-related increases in local

neuronal correlations than linear neurons, we computed correlations between rFR�FR and FR for

each neuron. We found that these correlations were more positive among superlinear neurons

(r̄ = 0.09) than linear neurons (r̄ = 0.03, t(131) = 2.54; p = 0.01). Superlinear neurons thus appear

to strengthen their coupling with neighboring neurons as a more positive function of firing rate

than linear neurons. In general, we found that neurons’ FR–HFP relations covaried with their

FR–FR relations; correlations between rFR�FR and rFR�HFP were similarly positive among

superlinear (r̄ = 0.26) and linear neurons (r̄ = 0.27, t(131) = �0.24; p > 0.5).

Discussion

We studied electrophysiological data recorded from human neurosurgical patients to identify

non-linearities in the relation between single-neuron firing and high frequency power (HFP) in

the LFP. We discovered two subpopulations of neurons: (1) superlinear neurons, for which the

positive correlation between neuronal firing and HFP increased with firing rate, and (2) linear

neurons, which did not display such a pattern. The firing rates of superlinear neurons were most
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strongly correlated with HFP during periods of relatively rapid firing, while the firing rates of

linear neurons were similarly correlated with HFP during periods of slow and rapid firing.

Finally, we found that superlinear neurons were associated with greater firing rate-related

increases in local neuronal correlations than linear neurons.

Implications for interpreting high frequency power changes in the LFP

Task-related broadband spectral changes at high frequencies (50 � 200 Hz) have been observed in

a wide-range of behavioral contexts, including, motor (Crone et al., 1998; Miller et al., 2007b,c),

somatosensory (Ray et al., 2008b), auditory (Crone et al., 2001; Edwards et al., 2005; Trautner

et al., 2006), visual (Lachaux et al., 2005; Ray and Maunsell, 2011), language (Crone et al., 2001;

Mainy et al., 2008), attention (Tallon-Baudry et al., 2004; Jung et al., 2008; Ray et al., 2008c), and

memory (Sederberg et al., 2003, 2006, 2007a,b). While previous studies have shown a positive

correlation between these HFP changes and neuronal firing rates (Fries et al., 2001; Manning

et al., 2009; Ray et al., 2008b,a; Ray and Maunsell, 2011; Mukamel et al., 2005; Rasch et al., 2008;

Whittingstall and Logothetis, 2009), our findings suggest that such changes can be driven by two

distinct neuronal mechanisms: superlinear neurons, which typically contribute to HFP changes

when they are firing near their peak firing rates, and linear neurons, which contribute to HFP

changes regardless of their firing rates.

Implications for local physiology

While superlinear and linear neurons display mean firing rates and waveform durations

consistent with pyramidal neurons (Bartho et al., 2004), our findings suggest that these these

subpopulations di↵er in how they relate to surrounding neurons within the local population. As

they increase their firing rates, superlinear neurons increase their positive correlations with
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neighboring neurons to a greater degree than linear neurons. These di↵erences are similar to

those observed betwen each subpopulation’s firing rate–HFP relations, and thus suggest a

general correlation between neurons’ relations with HFP and their relations with surrounding

neurons in the local population. We observed such a correlation among both superlinear and

linear neurons. This pattern has previously been described in human auditory neurons by Nir

et al. (2007) and may reflect the importance of temporal synchrony in determining how much a

neuronal population contributes to the LFP (Buzsaki et al., 2012).

Previous studies of non-linearities in the firing rate–high frequency power relation

Non-linearities in the firing rate–HFP relation have been previously proposed by a number of

researchers. Ray et al. (2008a) proposed a model of large-scale electrophysiological signals to

suggest that large changes in HFP, such as those observed during behavior (e.g., Crone et al.

(1998); Miller et al. (2007a); Ray et al. (2008b)), are better explained by an increase in correlations

among local neurons rather than an increase in mean population firing rate. This model predicts

that the relation between firing rate and HFP will be superlinear when sampling from a

population that is firing in a correlated manner, but linear when sampling from a neuronal

population that is firing in an uncorrelated manner. By identifying these subpopulations of

neurons throughout the human brain and showing that they di↵er in terms of local neuronal

correlations, our findings provide physiological evidence in support of this model.

Whittingstall and Logothetis (2009) identified multi-units in the monkey primary visual

cortex whose firing rates were best correlated with HFP during the falling phase of

low-frequency delta oscillations (2-4 Hz). When further characterizing these neurons, Mazzoni

et al. (2010) found that the firing rates were best correlated with HFP during periods of slow

firing. Contrary to these findings, we did not identify a significant subpopulation of sublinear
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neurons, whose firing rates would be better correlated with HFP during periods of slow firing

than during periods of rapid firing. We suggest two possibilities for this inconsistency. First, it

may be that these sublinear neurons are unique to primary visual cortex, which we were unable

to appropriately sample due to clinical electrode placement. Second, it may be that our sliding

window-based method was not sensitive enough to detect sublinear neurons. Indeed, there is a

subtle downward-curve (or “sublinearity”) the firing rate–HFP relation of linear neurons (Figure

3.a).

Challenges associated with measuring local neuronal correlations

Assessing local neuronal correlations is a powerful approach to studying network activity within

a local population. However, there are many challenges associated with measuring and

interpreting local neuronal correlations (Cohen and Kohn, 2011). First, the time window used to

count spikes can critically influence the measured local neuronal correlations. Particularly, if the

window used to count spikes is too small, local neuronal correlations can be substantially

underestimated due to a jitter in when spikes occur. We overcome this challenge by using large

time windows (500 ms) to measure firing rates. Notably, the firing rate correlations that we

measure in this study are distinct from spike synchrony measures (Denker et al., 2011) which

assess co-incident spiking at the 1-3 ms resolution, and may have di↵erent physiological

implications (Fries et al., 2007).

Second, the mean firing rate of neurons can serve as a major confound when assessing

neuronal correlations. Correlations in the spiking responses of a population of neurons arises

because of co-fluctuations in the neurons’ membrane potentials (Lampl et al., 1999; Okun et al.,

2010). At low firing rates, however, the spiking activity of a neuron is a poor reflection of these

membrane potential fluctuations (which are occuring far below spike threshold). Thus, pairwise

15



correlations between neurons’ membrane potential fluctuations are typically underestimated

when one of the neurons in the pair is firing slowly (Cohen and Kohn, 2011). Based on this

principle, it is expected that one would observe a positive correlation between a neuron’s firing

rate and the neuron’s correlations with surrounding neurons (which we observe for both

superlinear and linear neurons, de la Rocha et al. (2007)). However, we found that this positive

correlation was larger among superlinear neurons than among linear neurons even though these

groups did not di↵er in their mean firing rates. Thus, our findings suggest that the firing

rate–related increase in local neuronal correlations observed in superlinear neurons is greater

than that expected by an increase in firing rate alone.

Third, errors in the spike-sorting process, which involves estimating the number of distinct

neurons that were recorded from a given microelectrode contact, can lead to an overestimation of

pairwise neuronal correlations. This occurs, for example, when action potentials from a single

neuron are incorrectly assigned to multiple neurons on the same microelectrode contact. Here,

one would identify a spurrious, and dramatic, pairwise correlation between these falsely-labelled

neurons. We control for this possibilty by excluding neurons identified on the same

microelectrode contact when measuring correlations between a given neuron and surrounding

neurons in the local population. Our finding of significant di↵erences in pairwise local

correlations across the two groups of neurons is reassuring as any spike-sorting errors should

a↵ect both groups equally.

Conclusion

We describe two distinct classes of neural responses that underlie high frequency power changes

in the LFP: superlinear neurons, which primarily contribute to HFP during periods of rapid

firing, and linear neurons, which contribute to HFP across various firing rates. Our findings
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suggest that these neuronal subpopulations di↵er in how they relate to surrounding neurons

within the local population. As discussed by Buzsaki et al. (2012), understanding the microscopic

events that underlie changes in the LFP is critical to deriving behaviorally-useful information

from this complex, macroscopic signal. Furthermore, one would expect each of these

subpopulations to have di↵erent functional roles within a network or encode distinct

information. Thus, we suggest that each of these subpopulations be analyzed seperately when

studying the single-neuron correlates of behavior or cognition.
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Figure 1: Representative“superlinear” neuron. A. The scatterplot describes the relation between
firing rate (FR) and and normalized high frequency power (50–200 Hz, HFP) over the entire
recording session; each gray dot represents a 500 ms epoch. The solid line represents the FR–HFP
function for the session, which measures mean HFP over iteratively increasing FR quintiles. A
quadratic model fit to this function via least squares regression revealed that increases in the firing
rate of this neuron were associated with superlinear increases in HFP (see Experimental Procedures).
B,C. We show 10 s time series of relatively low (mean=4.6 Hz) and high firing rate (mean=11 Hz),
respectively. For each time series, we show the raw local field potential (LFP, top row), the spike
train (top row x-axis ticks), the filtered LFP (50–200 Hz, 2nd row), the mean FR (3rd row, solid
line) and mean HFP (3rd row, dashed line), each measured over 500-ms epochs, and the spike
trains of neighboring neurons (bottom row). D. The correlation between FR and HFP (rFR�HFP)
and the mean pairwise correlation between FR and neighboring FRs (rFR�FR) are more positive
during the period of high firing (rFR�HFP =0.80, rFR�FR=0.43) than during the period of low firing
(rFR�HFP =-0.51, rFR�FR=0.08).

25



0 10 20 30

ï�

ï�

0

1

2

Firing rate (Hz)

N
o
rm

a
li
z
e
d
 p

o
w

e
r

Subj # 8, R Post.Cx

 

R
a

w
 L

F
P

Mean firing rate = 5.40 Hz

 

 

Mean firing rate = 11.9 Hz

 

F
il
t 

L
F

P

0

12

F
ir
in

g
 r

a
te

 (
H

z
)

ï�

2

1

29

ï�

1

N
o

rm
a

li
z
e

d
 p

o
w

e
r

1 10
1

16

Time (s)

N
e

u
ro

n
 #

1 10
1

16

Time (s)

ï���

0

0.5

1

 

Low FR High FR
ï���

0

0.5

1

r 
F

R
 H

F
P

r 
F

R
 F

R

D

A B C

Figure 2: Representative “linear” neuron. Same format as Figure 1. A. Increases in the firing
rate of this neuron were associated with linear increases in HFP (see Experimental Procedures).
B,C. We show 10 s time series of relatively low (mean=5.4 Hz) and high firing rate (mean=12 Hz),
respectively. The correlation between FR and HFP (rFR�HFP) and the mean pairwise correlation
between FR and neighboring FRs (rFR�FR) are similar during the period of high firing (rFR�HFP =0.78,
rFR�FR=0.43) than during the period of low firing (rFR�HFP =0.76, rFR�FR=0.50).
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Figure 3: Group results.A. Average FR–HFP functions (see Figures 1a. and 2a.) across superlinear
(black, n=100) and linear (grey, n=225) neurons. B. Percentages of neurons whose firing rates were
positively correlated with HFP (n=330) which were labeled as superlinear (30%), linear (68%) or
sublinear (2%, light grey). For each subpopulation, we show: C. The distribution of superlinear
and linear neurons across frontal cortex (FCx), posterior cortex (PCx), hippocampus (Hippo),
parahippocampal region (Par), and amygdala (Amyg), and D,E. Mean spike waveforms.
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Subject Table

Subject Sessions Observed Included HFP+ Superlinear Sublinear Linear
Neurons Neurons

1 1 73 32 6 5 0 1
2 2 103 31 12 4 0 8
3 1 31 10 7 2 1 4
4 3 183 106 14 8 0 6
5 2 56 39 17 3 2 12
6 3 161 93 32 12 1 19
7 2 92 68 21 12 0 9
8 1 81 59 24 6 1 17
9 3 189 146 35 7 0 28

10 3 164 113 14 3 0 11
11 3 180 82 13 1 0 12
12 4 195 95 36 4 0 32
13 2 113 76 37 14 0 23
14 3 80 32 13 1 0 12
15 4 80 40 12 7 0 5
16 1 22 8 5 4 0 1
17 1 41 21 7 2 0 5
18 2 63 38 6 0 0 6
19 3 85 49 14 4 0 10
20 2 38 17 5 1 0 4

Total 46 2,030 1,150 330 100 5 225

Table 1: Summary of observed neurons. Columns 4-8 report the number of neurons
that met our inclusion criteria, the number of neurons that showed a positive correlation
with high frequency power (50–200 Hz), the number of neurons that were classified as
“superlinear,” the number of neurons classified as “sublinear,” and the number of neurons
classified as “linear.”
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