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Abstract 18 

Local field potentials (LFPs) encode visual information via variations in power at many 19 

frequencies. These variations are complex and depend on stimulus and cognitive state in 20 

ways that have yet to be fully characterized. Specifically, the frequencies (or 21 

combinations of frequencies) that most robustly encode specific types of visual 22 

information are not fully known. To address this knowledge gap we used intracranial 23 

EEG (iEEG) to record LFPs at 858 widely distributed recording sites as human subjects 24 

(6 males, 5 females) indicated if briefly-presented natural scenes depicted one of three 25 

attended object categories. Principal component analysis applied to power spectra of the 26 

LFPs near stimulus-onset revealed a broadband component (1-100Hz), and two 27 

narrowband components (1-8Hz and 8-30Hz respectively) that encoded information 28 

about both seen and attended categories. Interestingly, we found that seen and attended 29 

categories were not encoded with the same fidelity by these distinct spectral components. 30 

Model-based tuning and decoding analyses revealed that power variations along the 31 

broadband component were most sharply tuned and offered more accurate decoding for 32 

seen than for attended categories. Power along the narrowband delta-theta (1-8Hz) 33 

component robustly decoded information about both seen and attended category, while 34 

the alpha-beta (8-30Hz) component was specialized for attention. We conclude that, 35 

when viewing natural scenes, information about seen category is encoded via broadband 36 

and sub-gamma (<30Hz) power variations, while attended category is most robustly 37 

encoded in the sub-gamma range. More generally, these results suggest that power 38 

variation along different spectral components can encode qualitatively different kinds of 39 

visual information. 40 
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 41 

Significance Statement 42 

In this paper we characterize how changes in visual stimuli depicting specific objects 43 

(cars, faces, and buildings) and changes in attention to those objects affect the frequency 44 

content of LFPs in the human brain. In contrast to many previous studies that have 45 

investigated encoding by variations in power at high (>30Hz) frequencies, we find that 46 

the most important variation patterns are broadband (i.e., distributed across multiple 47 

frequencies) and narrowband but in lower frequencies (<30Hz). Interestingly, we find 48 

that seen and attended categories are not encoded with the same fidelity by these distinct 49 

spectral encoding patterns, suggesting that power at different frequencies can encode 50 

qualitatively different kinds of information. 51 

 52 

 53 
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Introduction 54 

A longstanding challenge in systems neuroscience is to understand how variations 55 

in sensory and cognitive states are encoded in the power spectrum of local field potentials 56 

(LFPs). In visual neuroscience, encoding of visual stimuli is often studied by examining 57 

frequencies above 30Hz exclusively—the so-called “gamma” (γ)  range. There is ample 58 

prior work to justify why γ-band is the default frequency range of interest. For example, 59 

many studies have reported a robust and narrowly confined (40-60Hz) increase in power 60 

in the γ-range in response to visual stimuli (Fries et al., 2001; Fries et al., 2008; Fries, 61 

2009; Brunet et al., 2014). It has been argued that this γ-oscillation is required for the 62 

perception of both objects and natural scenes via the visual cortex (Tallon-Baudry et al., 63 

1997; Hoogenboom et al., 2006; Fries et al., 2008; Brunet et al., 2014).  64 

Recent studies have questioned the functional primacy of γ-oscillation responses 65 

in vision (Ray and Maunsell, 2010; Jia et al., 2013; Hermes et al., 2015). For example, 66 

Hermes et al. (Hermes et al., 2015) showed that while a robust narrowband γ-oscillation 67 

is induced by some types of visual stimuli, a narrowband-γ in response to pictures of 68 

faces or buildings was largely absent for recording sites in the fusiform gyrus or 69 

parahippocampal gyrus—locales that are, respectively, highly responsive to these object 70 

categories (Kanwisher et al., 1997; Chao et al., 1999; Haxby et al., 2001). Rather, these 71 

authors noted stimulus-evoked power variations over a wide range of frequencies--termed 72 

the “broadband response”--in these high-level visual areas. Thus, the particular frequency 73 

bands that are most relevant for encoding information about object category is an 74 

unsettled question whose answer depends on brain region and the kind of stimuli 75 

presented. 76 
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Another unsettled question about the encoding of visual information in LFP 77 

spectra relates to visual attention. It is known that attention can modulate action potential 78 

firing rate (Moran and Desimone, 1985) and blood-oxygen-level-dependent 79 

(BOLD;(Cukur et al., 2013) responses to visual stimuli. However, there is some evidence 80 

from LFP studies that information about what is attended and what is seen may be 81 

encoded in different frequency bands (Bastos et al., 2015; Jensen et al., 2015; 82 

Michalareas et al., 2016). Indeed, there is accumulating evidence that top-down (e.g., 83 

visual attention) signals generally are encoded in the sub-γ range(<30Hz) (Klimesch, 84 

1999; Klimesch et al., 2011; Jensen et al., 2015; Michalareas et al., 2016; Helfrich et al., 85 

2017). Thus, the frequency bands most relevant to the encoding of visual information 86 

may depend strongly on how attention varies during viewing. 87 

In this work, we identify patterns of variation in spectral power that are most 88 

relevant to encoding natural scenes during sustained attention to a specific object 89 

category by analyzing LFP recordings using intracranial EEG(iEEG) in humans. We 90 

address key questions related to spectral encoding in this context, namely: Which 91 

frequency bands are subject to the most power variation upon varying the category of 92 

attended/seen objects? How is information about attended and seen object categories 93 

encoded in patterns of variation in spectral power? 94 

To address these questions, we prepared peri-stimulus power spectral density 95 

(PSD) functions for LFP signals recorded at sites on and beneath the surface of cortex. 96 

We decomposed the variation in PSDs across seen and attended stimulus categories using 97 

principal component analysis (PCA). The major principal components (PCs) revealed the 98 

combinations of frequency bands that explain a substantial fraction of the variation in 99 
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spectral power across different seen/attended object categories and across recording sites. 100 

We then analyzed variation in power along each PC at each site by building simple 101 

encoding models based upon seen/attended object category.  We then used the encoding 102 

models to determine the spatial distribution of recording sites that encode seen/attended 103 

categories and the sharpness of tuning along each PC. Finally, we used the encoding 104 

models to perform model-based decoding to understand how the encoding of information 105 

about seen/attended stimulus category is distributed across the frequency spectrum.  106 

 107 

Material and Methods 108 

109 

Participants110 

 Eleven people with epilepsy (6 males, 5 females) between 14 and 56 years old 111 

participated in the experiment. Prior to the experiment each participant underwent a 112 

surgical procedure for implantation of depth electrodes for detection of seizures within 113 

cortical and subcortical structures. The location of the implanted electrodes was 114 

determined based solely on clinical considerations. All participants provided written 115 

consent approved by the Institutional Review Board at the Medical University of South 116 

Carolina. One participant (S2) had an electrode grid (a transparent numbered mesh of 117 

electrodes that is placed subdurally the brain surface) over the lateral surface of the left 118 

hemisphere in addition to depth electrodes.  119 

120 

Electrode features, placement, and location mapping121 
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 The location of subdural and depth electrodes (Ad-Tech, Oak Creek, WI) varied 122 

among participants (Table 1). The placement of electrodes was solely guided by the 123 

clinical evaluation of each participant. Each depth electrode has 10 recording sites 124 

separated along the electrode by 5mm. Each electrode has a diameter of 2.29 mm. 125 

Participant S2 had an additional grid of 8 × 8 recording sites with 10mm spacing 126 

between adjacent recording sites. 127 

We used T1-weighted structural MR images taken for each participant post-128 

implantation to determine the anatomical location of recording sites. First, electrodes 129 

were masked in the structural images using “cost function masking” (Brett et al., 2001) in 130 

MRIcron  (MRIcron, RRID:SCR_002403). Structural images for each participant were 131 

then normalized to MNI space using the Clinical Toolbox (Rorden et al., 2012) within 132 

SPM8 (SPM, RRID:SCR_007037; Clinical Toolbox for SPM, RRID:SCR_014096). 133 

Mapping of individual recording sites on a template normalized brain (ICBM152 brain) 134 

was visualized using BrainNet Viewer (BrainNet Viewer, RRID:SCR_009446). After 135 

excluding recording sites that were clinically determined to be a source of seizure (see 136 

details below) the 858 recording sites were distributed as follows: frontal (seven 137 

participants , 253 in left hemisphere, 68 in right hemisphere), temporal lobe including 138 

medial temporal lobe (ten participants, 218 in left hemisphere, 148 in right hemisphere), 139 

insula (four participants, 8 in left hemisphere, 20 in right hemisphere), occipital lobe 140 

(three participants, 13 in left hemisphere, 33 in right hemisphere), parietal lobe (seven 141 

participants, 39 in left hemisphere, 28 in right hemisphere), and basal ganglia (four 142 

participants, 23 in left hemisphere, 7 in right hemisphere). 143 

 144 
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Recording apparatus 145 

LFP data were recorded using an XLTEK EEG system (Natus Medical, Inc.). 146 

Sampling frequency varied across participants between 1-2 KHz.  Recordings collected 147 

with 2 KHz sampling rate were downsampled to 1 KHz for consistency of analysis across 148 

all 11 participants. 149 

150 

Experimental Procedure151 

 Participants sat upright and viewed a laptop screen during the course of the 152 

experiment. The screen was positioned at eye-level at a distance from the participants of 153 

about 40 cm. Participants were encouraged to pause and take a break at any point during 154 

the experiment if they felt fatigued or distracted. 155 

 156 

Synching stimulus and LFP timeseries 157 

In order to align the time of presentation of each experimental stimulus with the 158 

recorded brain signals a photodiode was attached to the bottom right corner of the screen. 159 

Each stimulus frame displayed a small white box at the location of the photodiode at 160 

stimulus onset, and a small black box at stimulus offset. Leads from the photodiode were 161 

inserted into the same bedside pre-amplifier used to record brain signals. The photodiode 162 

timeseries (a series of on-off pulses) was then used to synchronize the brain signals with 163 

stimulus onsets and offsets offline (Rorden and Hanayik, 2014). 164 

 165 

Experimental design 166 
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Participants fixated on a dot at the center of the laptop screen throughout each 167 

experiment. Each experiment consisted of a stream of natural scenes that prominently 168 

displayed either a human face, a building, or a car. Each image was displayed for 0.5 sec, 169 

followed by an interstimulus interval (ISI) of 1000 ms. During ISIs a blank screen 170 

(luminance set to average luminance of all images) was displayed; participants 171 

maintained fixation throughout each ISI. 172 

Images were displayed in 9-15 blocks of 30-50 images each. All images were 173 

unique and none of the images were repeatedly displayed. A total of 450 images were 174 

displayed. At the start of each block participants were instructed to attend either the 175 

“face” images, the “car” images, or the “building” images. The attended category was 176 

fixed during each block; it alternated across blocks in the following order: building, face, 177 

car (Figure 1). After a random number of selected ISIs during each block a large 178 

question mark was displayed (an average of five question marks was displayed per 179 

block). Participants were instructed to then verbally indicate if the last seen image was of 180 

the same category as the attended one. The experiment provided verbal feedback on their 181 

response to indicate correct and incorrect trials. All participants gave correct responses on 182 

at least 90% of the trials. 183 

Given that all images belonged to one of three attended object categories, the 184 

experiment was composed of nine distinct task conditions, each corresponding to a 185 

distinct (seen category, attended category) pair. These task conditions are illustrated in 186 

Figure 1. 187 

 188 

Signal screening and preprocessing. 189 
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 Prior to analyzing brain signals we screened all recordings to identify and exclude 190 

recording sites that were reported by the patient’s clinical neurophysiologists to be 191 

associated with ictal or significant interictal epileptiform activity. We also excluded 192 

recording sites located above the surface of the brain, as identified by inspecting the post-193 

op structural images. A total of 286 out of 1144 recording sites were excluded in this 194 

way. 195 

After screening, all signals were referenced to a global mean. That is, for each 196 

participant independently a global average timeseries was computed and subtracted from 197 

the timeseries of each individual recording site.  198 

 199 

Peri-stimulus power spectral density functions200 

 For each recording site, the LFP starting from stimulus onset and ending 0.5 sec 201 

after (i.e., the total duration of each stimulus display) was extracted and used to estimate 202 

a PSD function (Miller et al., 2014; Miller et al., 2016). PSD frequencies ranged from 203 

1Hz (DC offset was excluded) to 100Hz with increment of 1Hz; frequencies between 56 204 

and 63Hz were excluded to compensate for a 60Hz line artifact. Each of these single-trial 205 

PSDs were normalized by calculating the logarithmic value of dividing single-trial PSDs 206 

over the mean power of all single-trial PSDs (log[ 〈 〉⁄ ], where 〈∙〉 indicates an 207 

average across all trials for the given recording site) as in (Miller et al., 2016). Single-trial 208 

PSDs for each recording site were then grouped according to task condition (i.e., 209 

according to the [seen category, attended category] pair associated with each trial) and 210 

averaged to construct a condition-specific average PSD. For each recording site this 211 

process resulted in nine condition-specific average PSD functions. A baseline PSD was 212 
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also calculated by averaging across PSDs prepared from the first 0.5 sec of signal during 213 

each ISI.  Thus, a total of 8580 condition-specific PSDs were calculated from 858 214 

recording sites across 11 participants. 215 

 216 

Principal Component Analysis217 

 The 8580 PSDs were treated as independent 93-dimensional (one dimension for 218 

each of the frequencies in the PSD) observation vectors in a PCA. This resulted in 93 219 

orthogonal principal components (PCs). Each PC was itself a 93-dimensional PSD 220 

function, with each value indicating power at each of the studied 93 frequency points. In 221 

this work we study the top three components, which accounted for roughly 40% of the 222 

variance.  223 

 224 

PC-specific encoding models225 

 We investigated how variations in spectral power along each PC encoded 226 

information about variation in task conditions by constructing PC-specific encoding 227 

models. Encoding models were constructed independently for each recording site and 228 

participant. To construct models for participant k we first applied PCA to the PSDs from 229 

the other 10 participants. We then projected the single-trial PSDs for participant k onto 230 

the first, second, and third PCs resulting from this participant-specific PCA. Thus, for 231 

each recording site we have 450 projections (one per experimental stimulus) per PC 232 

describing variation in spectral power along the PC. These projections are the 233 

“responses” that are predicted by each PC-specific encoding model. Formally, for a 234 

single recording site and participant let  be the PSD calculated for trial i and let  be 235 
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the jth principal component. Then = ⋅  is the single-trial response for PC j that is 236 

predicted by each encoding model. The encoding model for a single recording site in 237 

participant k is specified as a simple linear combination of task conditions: 238 = + +  

where   is an ( × 1) vector of “responses” along PCj, S is the ( × 9) design 239 

matrix of the experiment (each column indicates a task condition), w is (1 × 9) vector of 240 

condition weights (i.e., regression parameters), b is an intercept term, and is  zero-mean 241 

Gaussian noise. The number Ntrain indicates the number of training samples. 242 

The values of the encoding model weights w and intercept b were determined for each 243 

recording site via simple linear regression that predicts each condition’s projection to be 244 

equal to the average projection of the normalized spectra of the trained trials for the 245 

studied condition. Regressions were performed by applying a 10-fold leave-k-out 246 

procedure to a subset of 360 trials that were used only for training and evaluating 247 

encoding models (the remaining Nval = 90 trials were used for decoding analyses as 248 

described below). This means that for each recording site, 10 separate regressions were 249 

performed. Each regression used a different set of Ntrain = 288 trials that were randomly 250 

sampled from the 360 trials used to construct encoding models. On each of these 10 251 

folds, the regression model was evaluated on the remaining Ntest = 72 trials. We used 252 

Pearson correlation between model predictions and the observed responses . The 253 

“prediction accuracy” that we report for each encoding model is the average Pearson 254 

correlation across all 10 folds. Here an encoding model is considered “accurate” if the 255 

Pearson correlation exceeds a significance threshold (p < .05) determined by a random 256 

permutation test (5000 permutations of prediction and observed responses across trials). 257 
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The encoding model weights that we discuss and analyze below are the average of the 258 

weights across all 10 folds. 259 

260 

Tuning width of encoding model 261 

For analysis of the tuning width of the encoding model, weights for each 262 

recording site were normalized to span a (0.0, 1.0) range and then ranked by magnitude. 263 

Tuning width is the rank of the lowest-ranking weight that has a value of greater than the 264 

middle of the range (0.5). A “sharply” tuned encoding model would have a tuning width 265 

of nine, indicating only a single weight exceeds the middle of the (normalized) range of 266 

weight values. A “broadly” tuned encoding model would have a tuning width of four or 267 

five, indicating an even distribution of weights about the middle of the range. Tuning 268 

width is plotted as weight value against weight rank. For the extreme case of broad and 269 

completely non-specific tuning the resulting plot would appear as flat line. For recording 270 

sites with highly-specific encoding of a subset of task conditions these plots will reveal 271 

curves with a sharp peak (corresponding to the largest model weight) and rapid fall-off. 272 

273 

Model-based decoding analysis 274 

 A decoding analysis was performed on the Nval = 90 trials that were not used to 275 

estimate or evaluate the encoding models. Decoding analyses were performed using data 276 

from participants S6-S11 only, as these were the participants for which the largest 277 

common number of trials (consisting of 432 trials) was acquired. 278 
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 Here, the decoding objective is to predict the seen or attended object category 279 

associated with a set of responses sampled from a population of recording sites. Decoding 280 

is performed independently for each PC. As above, a “response” associated with the jth 281 

PC,  is defined as the projection of a PSD q onto the PC, = ⋅  . Below we will 282 

suppress the subscript j, as it is understood that all responses refer to a specific PC. 283 

Let s1, s2, s3 indicate the seen object categories of “face”, “building”, and “car”, 284 

respectively. To decode a seen object category, say s2, we first form a response vector 2 285 

associated with category s2. Thus, we randomly select a trial associated with the category 286 

s2 under each attention condition, then we concatenate the responses of all recording sites 287 

within this population on this same selected trial. For example, to form a response vector 288 

associated with the seen category “building”, we randomly sample a trial associated with 289 

“see building, attend face”, “see building, attend building” and “see building, attend car” 290 

and we use those same sampled trials across all studied recording sites. Thus 291 

2 = ( 2: 11 , 2: 21 , 2: 31 ,… , 2: 1, 2: 2, 2: 3) 
where the superscript indexes a recording site, M is the total number of recording sites in 292 

the population, the subscripts a1, a2, a3 index the three attended categories “face”, 293 

“building”, “car”, and the notation s2:a1 indicates a trial associated with “see building, 294 

attend face”, and so on. The length of a response vector for a given seen object category 295 

is thus 3 . Note that response vectors for attended category can be formed in a similar 296 

way, by fixing the attended category and allowing the object category to vary. 297 

 To perform model-based decoding of seen object category from a response vector, 298 

say 2, we use the encoding model for each recording site in the response vector to 299 

generate a predicted response vector 1′ , 2′ , 3′  for each of the three possible object 300 
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categories. We then calculate a Pearson correlation between the response vector 2, and 301 

each of the predicted response vectors 1′ , 2′ , 3′  . Decoding is successful if the 302 

correlation between the response vector and its matching predicted response vector is 303 

higher than the correlation the between response vectors and the other two, non-304 

matching, predicted response vectors. In this example, decoding would be successful if 305 

the correlation between 2 and 2′  were larger than the correlation between 2 and 1′ , 306 

and also larger than the correlation between 2 and 3′ . We refer to successful decoding 307 

of a response vector as a “hit”. 308 

 To calculate the decoding performance for seen object categories we formed 300 309 

response vectors for each seen object category, for a total of 900 response vectors. 310 

Decoding performance is the number of “hits” divided by the total number of response 311 

vectors. Chance performance is 33%, since each response vector has a ⅓ chance of being 312 

successfully decoded by randomly selecting a seen object category. Decoding 313 

performance for seen object category was calculated independently for each PC. 314 

To perform model-based decoding of attended object category response vectors  315 

1, 2, 3  were correlated with predicted response vectors 1′ , 2′ , 3′   as described 316 

above. Performance was calculated by counting “hits” across 900 response vectors, as 317 

described above. Decoding performance for attended object category was calculated 318 

independently for each PC. 319 

 Decoding performance was calculated for populations of varying sizes (i.e., 320 

populations with varying numbers of recording sites) ranging from 1 to 401 recording 321 

sites. To select recording sites for a population of a given size all recording sites were 322 

rank-ordered according to their prediction accuracy. Thus, the population of size one 323 
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contained the single recording site with the highest prediction accuracy. The population 324 

of size two contained the recording sites with the highest and second-highest prediction 325 

accuracy, and so on. We emphasize that none of the trials used to measure prediction 326 

accuracy were used to measure decoding performance. 327 

 328 

Analysis of event-related potentials 329 

To determine the relationship between the PCs derived from single-trial PSDs and 330 

the PSD of event-related potentials (ERPs), we computed the time-domain average of 331 

signals locked to stimulus onset. 332 

 First, we compared ERPs derived from the time-domain signal to ERPs obtained 333 

after first filtering the time-domain signal with each PC (Miller et al., 2009). To perform 334 

this comparison, we applied a Morelet wavelet transform to signals at each recording site. 335 

We then multiplied the amplitude at each frequency by the corresponding PC power at 336 

that frequency. We then applied the inverse wavelet transform on the data to obtain a 337 

filtered time-domain signal. We then correlated for each recording site the ERPs derived 338 

from the PC-filtered time-domain signal with the unfiltered ERP. 339 

 Second, we compared the PSD of the unfiltered condition-specific ERPs to the 340 

PCs themselves. To do this we computed the PSD of condition-specific ERPs. We then 341 

computed the Pearson correlation between these PSDs and each of the PCs. 342 

Statistical analysis 343 
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Statistical analyses were performed using MATLAB 2018b (Mathworks, MA) 344 

and Graphpad Prism 8 (GraphPad Software, CA). Permutation tests were performed for 345 

comparisons to random distributions. PCA analysis was performed as described above. 346 

Kruskal-Wallis test was used to compare the ranks of the tuning curves. Wilcoxon 347 

signed-rank test was used to compare accuracy of decoding models to chance. Unless 348 

otherwise specified, statistical significance is reported at α < 0.05.  349 

Code Accessibility 350 

Source codes for all analyses and tests performed in this study are available upon 351 

request from the senior author. 352 

 353 

Results 354 

Eleven participants performed a category-based visual attention task in which 355 

they viewed photographs (presented for 0.5s and followed by a 1s inter-stimulus interval) 356 

of buildings, cars, and faces while attending to only one of the three categories (Figure 357 

1). At randomly selected times participants were required to perform a 1-back task in 358 

which they indicated if the previous photograph depicted an object from the attended 359 

category. Each experimental condition thus corresponded to one of nine distinct pairs of 360 

seen and attended object categories (e.g. “see building, attend face”).  361 

 362 

Broadband and narrowband, low-frequency components explain almost half the variance 363 

in spectral power across seen and attended object categories. 364 

To determine the combinations of frequency bands that explain the most variance 365 

in spectral power across seen and attended categories we first prepared single-trial, peri-366 
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stimulus power spectral density functions (PSD) for each recording site in the dataset 367 

(858 recording sites across 11 participants). Single-trial PSDs were log-transformed and 368 

normalized (log[ 〈 〉⁄ ], where 〈∙〉 indicates an average across all trials for the 369 

given recording site (Miller et al., 2016)). Normalized PSDs were then grouped according 370 

to the combination of seen and attended object category associated with each trial, and 371 

then averaged within-group. This resulted in nine normalized mean PSDs (one for each 372 

pair of seen object category and attended object category). An additional PSD 373 

corresponding to an average across all the inter-stimulus intervals was also prepared.  374 

Principal component analysis (PCA) was performed on pooled data from all 375 

participants (Figure 2). We found that variance was rather broadly distributed across 376 

principal components (PCs), with the top three PCs accounting for slightly less than half 377 

(41.7%) of the total variance in spectral power (Figure 3). We focused our analyses 378 

efforts on these three PCs (Figure 2D, Figure 3). PC1 (24% of total variance) had a 379 

broadband profile indicated by elevated (non-zero) power across at all frequencies in the 380 

studied range (1-100 Hz). PC2 (8.8%) and PC3 (7.9%) had narrowband, low-frequency 381 

profiles as indicated by non-zero power over a narrow frequency range. Specifically, PC2 382 

concentrated most non-zero power in a − frequency range (1-8 Hz), which for many 383 

recording sites was highly correlated with the PSD of the event-related potential (Figure 384 

4B). PC3 concentrated non-zero power primarily in a −  frequency range (8-30 Hz). 385 

PCA applied to single-participant data revealed some variation in the ranking of 386 

the top three PCs (Figure 3), but the basic motif of one broadband and two narrowband 387 

low-frequency components was conserved across participants. Thus, as seen and attended 388 

categories varied in our experiment the largest variation in spectral power was along a 389 
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broadband component (corresponding roughly to a variation in the sum of power across 390 

all frequencies), while the second and third largest variations in spectral power were 391 

restricted to low (sub- γ) frequencies. Higher PCs explained vanishingly small variance 392 

and were not stable across participants; consequently, they were excluded from further 393 

analysis. 394 

395 

Broadband and narrowband, low-frequency components encode information about seen 396 

and attended object categories       397 

In order to determine how information about seen and attended categories was 398 

encoded in each principal component, we independently estimated an encoding model for 399 

each of the top three PCs, and for each recording site. The encoding model predicted, for 400 

each trial, the spectral power along each PC as a function of the seen/attended object 401 

category associated with the trial (Figure 5A-C). Thus, the encoding models used here 402 

were quite simple: for a given PC and recording site, a design matrix (independent 403 

variable) indicating the seen and attended category associated with each trial was 404 

regressed onto the projection of the PSD onto the PC (see methods above). We estimated 405 

encoding models independently for each PC and recording site using linear regression. 406 

We evaluated the prediction accuracy of the encoding model for each recording site and 407 

PC by calculating the Pearson correlation between the model’s predictions and the 408 

observed spectral power along the PC across a held-out set of testing trials (Figure 5C). 409 

For many recording sites this model achieves fairly high prediction accuracy (Figure 5D-410 

F). 411 
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 Encoding models were considered accurate if their prediction accuracy exceeded 412 

a common threshold (Pearson correlation > 0.19, p < .05; permutation test). Recording 413 

sites with accurate encoding models for all three PCs were identified in the temporal, 414 

prefrontal, occipital, insular and parietal cortex (Figure 5D-F). There were no recording 415 

sites within the precentral gyrus that showed accurate encoding for any of the three PCs 416 

(0/8 studied recording sites). We observed significantly fewer recording sites with an 417 

accurate encoding model for PC1 compared to either PC2 or PC3 (75, 195, and 111 sites 418 

with an accurate encoding model for PC1, PC2, and PC3 respectively; p=0.00000, 419 

permutation test with 100000 permutations, n=848) (Figure 6A). The recording sites 420 

with accurate encoding models for PC2 and PC3 appeared to be spatially distributed 421 

more broadly than recording sites with accurate encoding models for PC1 (Figure 6C). 422 

Recording sites with accurate encoding models for PC1-3 were present in all eleven 423 

participants (Figure 6B). 424 

Although recording sites with accurate encoding models were distributed widely 425 

across the brain, we found that in temporal lobe the number of recording sites with 426 

accurate encoding models was significantly higher than would be expected by random 427 

sampling for all PCs (45, 103, 63 sites for PC1, PC2, PC3, respectively; p=0.0009, 428 

0.0006 and 0.0001 permutation test). In the prefrontal lobe, fewer recording sites than 429 

would be expected by such random sampling had accurate encoding models for PC1-3 430 

(14, 53, 24 sites for PC1, PC2 and PC3, respectively; p=0.0002, 0.0005 and 0.0000, 431 

permutation test). For all other regions the number of recording sites that exceeded the 432 

prediction accuracy threshold was not statistically different from chance (Figure 5D-F, 433 

bottom panel). 434 
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 435 

PC1 encoding models are more sharply tuned than PC2 or PC3 encoding models 436 

Are power variations along each PC equally dependent on all seen/attended 437 

categories, or only on select ones? To address this question, we analyzed the distribution 438 

of weight values of the encoding model for each recording site and PC (Figure 7). A 439 

recording site where power along one of the PCs increased in response to only one of the 440 

nine experimental conditions would be highly selective, or “sharply tuned”. In this case 441 

we would expect only one of the encoding model weights to have a value well above or 442 

below the middle of the range of values of the weights for that model. For recording sites 443 

where activity was non-selective or “broadly tuned” we would expect to see all weight 444 

values distributed close to the middle of the range. Thus, a simple index for sharpness of 445 

tuning is the rank of the encoding model weight that exceeded the middle of the range of 446 

weight values (Figure 8). By this measure we find that encoding models for PC1 are, as a 447 

population, significantly more sharply tuned than encoding models for PC2 and PC3 448 

(n=75, 195, 111 for PC1, PC2, PC3 respectively, Rank-order comparison via Kruskal-449 

Wallis test with Dunn’s correction for multiple comparisons, p<0.0001) (Figure 7B). 450 

This was true when tested for all recording sites (Figure 7C), and when tested for only 451 

recording sites in the temporal lobe (data not shown). In the temporal lobe, recording 452 

sites where activity was driven most strongly by faces tended to cluster within the 453 

fusiform gyrus; recording sites where activity was driven most strongly by buildings 454 

tended to cluster near parahippocampal gyrus (Figure 9 left panels; see Figure 9 right 455 

panels for locations of recording sites with accurate PC2-3 encoding models). The 456 
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encoding of faces and buildings by power along PC1 is thus consistent with well-known 457 

findings of fMRI studies (Kanwisher et al., 1997; Haxby et al., 2001; Joseph, 2001). 458 

459 

Information about seen and attended object category are unequally distributed across the 460 

first three principal components. 461 

Given previous results (Klimesch, 1999; Klimesch et al., 2011; Miller et al., 2014; 462 

Jensen et al., 2015; Michalareas et al., 2016; Miller et al., 2016; Helfrich et al., 2017), we 463 

suspected that variations in spectral power along the top three PCs might encode different 464 

amounts of information about seen versus attended object categories.  465 

Inspection of encoding model weights revealed a complicated pattern of 466 

interactions between the encoding of seen and attended object category. Although some 467 

recording sites channels showed, for some PCs, a classical amplification of signal when 468 

the preferred category was seen (Figure 8A), most recording sites showed a more 469 

complicated form of interaction between attention and vision across categories and across 470 

PCs that was not easily apprehended by visual inspection (Figure 8B). Thus, we used a 471 

model-based decoding analysis (Figure 10A-C) to compare the amount of information 472 

about seen object category encoded by each PC to the amount of information about 473 

attended object category encoded by each PC. This analysis used the encoding models to 474 

decode from measured brain activity the seen or attended object category associated with 475 

single trials (Kay et al., 2008). The measure of brain activity in this case was the 476 

projection of each recording site’s peri-stimulus PSD onto a single PC (i.e., the dependent 477 

variable of the encoding model for each recording site). Thus, the analysis allowed us to 478 

independently decode seen and attended object category from variations in power along 479 
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each PC. By comparing the accuracy of decoded seen object category to the accuracy of 480 

decoded attended object category we were able to quantify the relative amount of 481 

information each PC encodes about vision and attention. 482 

We observed a consistent pattern of differential decoding accuracy for seen and 483 

attended object category regardless of whether brain activity was sampled from all lobes 484 

(Figure 10D; 401 recording sites), the temporal lobe only (Figure 10E; 170 recording 485 

sites), or the occipital lobe only (Figure 10F; 32 recording sites). For PC1 seen object 486 

category was decoded more accurately than attended; in particular, only seen category 487 

was decoded more accurately than chance from recording sites in the occipital lobe 488 

(Wilcoxon signed rank test comparison to chance, p<0.01). For PC2 decoding accuracy 489 

for seen and attended categories was at parity and significantly better than chance in all 490 

brain areas (Wilcoxon, p<0.0001). For PC3 attended object category was decoded more 491 

accurately than seen; in particular, only attended category was decoded more accurately 492 

than chance from recording sites in the occipital lobe (Wilcoxon, p<0.0001). Thus, 493 

variations in broadband spectral power encoded more information about seen than 494 

attended object category; variations −  narrowband power robustly encoded both seen 495 

and attended categories; variations in narrowband −  power encoded more 496 

information about attended than seen object category. A more granular analysis of 497 

decoding accuracy for individual object categories (Figure 11) was consistent with this 498 

pattern. 499 

 500 

Discussion 501 

 502 
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Summary of Results 503 

We analyzed how variations in the spectral power of local field potentials encode 504 

variations in seen and attended object category. Using PCA, we found that ~40% of the 505 

variance in spectral power is explained by variation in broadband (PC1) power and by 506 

variation in low ( −  for PC2, −  for PC3) frequencies specifically. Power variation 507 

along the broadband and low-frequency PCs encoded information about variations in 508 

seen and attended object category at recording sites in occipital, temporal, insular, 509 

parietal and prefrontal cortices. Recording sites with accurate encoding models were 510 

especially prevalent in the temporal lobe, which is well-known to maintain 511 

representations of object category (Kanwisher et al., 1997; Haxby et al., 2001; Joseph, 512 

2001). 513 

Although broadband PC1 explained the single largest fraction of variance, it was 514 

less tightly coupled than PC2 and PC3 to variations in seen and attended object category, 515 

as evidenced by the fact that fewer recording sites had an accurate PC1 encoding model 516 

than they did for the low-frequency PC2 or PC3 encoding models. This means that, 517 

relative to PC2 and PC3, a larger fraction of the variance explained by PC1 was not 518 

related to variations in seen or attended object category. Thus, in our experiment 519 

broadband power may have encoded low-level visual features (Winawer et al., 2013), and 520 

may have reflected variations in signal properties across different participants and 521 

different brain areas, as well as the inevitable trial-to-trial variability of signals recorded 522 

at one site (i.e., the SEM of the within-group average PSDs that were entered into the 523 

PCA). 524 



 

24 

For recording sites with an accurate PC1 encoding model, variation in power 525 

along the broadband PC1 was more sharply tuned than for the low-frequency PC2 and 526 

PC3. This finding is consistent with prior work showing that during finger movement, the 527 

broadband pattern was more sparse than the narrowband pattern (Miller et al., 2009). The 528 

selective tuning of power along the broadband PC1 is reminiscent of the highly selective 529 

BOLD responses to object category observed in temporal lobe (Bar et al., 2001; Haxby et 530 

al., 2001). Indeed, previous work suggests that broadband LFP and the BOLD response 531 

are tightly coupled (Hermes et al., 2017). 532 

Although information about seen and attended object categories was encoded by 533 

power variations along each PC, the relative amount of information about vision and 534 

attention varied across PCs. Broadband PC1 encoded more information about seen than 535 

attended category. The −  band PC2 robustly encoded information about both seen 536 

and attended category. The −  band PC3 encoded more information about attended 537 

than seen categories.  538 

 539 

Information about seen and attended object category is encoded by variation in power at 540 

many frequencies 541 

Our findings are consistent with previous work that reported encoding of object 542 

category in broadband and low-frequency power variations. (Bosman et al., 2012; Miller 543 

et al., 2014; Jensen et al., 2015; Michalareas et al., 2016; Miller et al., 2016). In this work 544 

we studied the encoding of both seen and attended object category across a spatially 545 

broad distribution of recording sites. We found that the encoding of attended object 546 
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categories is, like the encoding of seen object categories, encoded by power variation in 547 

across a range of frequencies.   548 

We did not observe a principal component that resembled a narrowband γ-549 

response (Fries et al., 2008; Fries, 2009). The absence of an obvious narrowband γ-550 

component doesn't mean that γ-oscillations are not an important component of the neural 551 

processing of seen and attended object categories. Our findings simply indicate that a 552 

narrowband γ-response did not account for enough of the variance in spectral power 553 

during our experiment to merit its own PC. Also notable is an absence of a spectral 554 

component resembling a broad (high-pass) γ-response (Jacobs and Kahana, 2009; Vidal 555 

et al., 2010). One possible explanation for this finding is that broad, high-pass γ-556 

responses reflect a broadband effect that is masked by a suppressed low-frequency (sub- 557 

γ) narrowband response (Miller et al., 2014). Therefore, by decoupling the broadband and 558 

low-frequency narrowband patterns, the PCA performed here unmasked the low-559 

frequency components observed in PC2-3 and revealed the underlying broadband effect.  560 

Our results may be interpreted as endorsing an expansive, inclusive approach to 561 

analyzing the relationship between variations in spectral power and task conditions, 562 

particularly for tasks that involve interacting top-down and bottom-up signals. Focusing 563 

exclusively on a single frequency band, such as γ, may obscure components of the 564 

spectrum that encode a significant amount of information.  565 

 566 

The broadband response 567 

Our results provide a detailed characterization of the broadband response to seen 568 

and attend object categories. We now briefly summarize its most salient characteristics. 569 
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Broadband responses are promiscuous. Projecting a PSD onto the broadband 570 

components effects a nearly-equally-weighted sum of powers at all frequencies. 571 

Therefore, power variations at any frequency will register as non-zero variance along the 572 

broadband PC. This makes broadband power variations sensitive to both signal and noise, 573 

broadly construed. This is most likely why the broadband PC explains the most variance 574 

in PSDs but at the same time offers the fewest recording sites with an accurate encoding 575 

model. 576 

Interestingly, where the broadband response is coupled to variation in seen and 577 

attended category (i.e., at recording sites with an accurate encoding model), it is more 578 

selective than low-frequency components (PC2-3). Of the three PCs, PC1 was the most 579 

sharply tuned. In the temporal lobe, the recording sites where broadband response was 580 

selective for faces tend to locate more lateral than recording sites where the broadband 581 

response was most selective for buildings, which in turn were more medially located. 582 

This is generally consistent with relative locations of place and face selective regions 583 

revealed in fMRI studies (Kanwisher et al., 1997; Haxby et al., 2001; Joseph, 2001). 584 

Across the population of recording sites studied here, broadband responses were 585 

quite redundant. This was evidenced by plots showing the change in decoding 586 

performance as a function of population size. Relative to the low-frequency PCs, 587 

decoding performance plateaued rapidly when decoding was performed with broadband 588 

responses. This observation held regardless of whether recording sites were sampled from 589 

only occipital lobe, only temporal lobe, or all available sites.  590 

Finally, in early visual areas broadband responses during our experiment were 591 

“bottom-up”. This was evidenced by the fact that recording sites in the occipital lobe 592 
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permitted above-chance decoding performance for seen object category, but not attended 593 

object category.  In contrast, low-frequency PC2 responses in occipital lobe recording 594 

sites permitted above-chance decoding of both seen and attended object category, while 595 

PC3 responses in occipital lobe recording sites permitted above-chance decoding of 596 

attended object only. 597 

In summary, we find that broadband PC1 responses were promiscuous (i.e., 598 

sensitive to multiple sources of variance), sharply tuned, generally consistent with 599 

findings from fMRI studies, encoded redundant information across the recording sites 600 

studied here, and in occipital lobe encoded only “bottom-up” sensory information. 601 

 602 

Decoding attention and vision from spectral power variation 603 

Many previous studies have reported that attention modulates the encoding of 604 

seen stimuli in firing rate (Moran and Desimone, 1985) and BOLD responses (Cukur et 605 

al., 2013), and can increase the strength of a response to a preferred stimulus category 606 

(Downing et al., 2001; Baldauf and Desimone, 2014). In our hands, analysis of the 607 

interactions between attended category, preferred category, and spectral component did 608 

not admit any clearly interpretable pattern of dependence. However, one clear and 609 

straightforward pattern was revealed by the model-based decoding analyses presented 610 

here: we found that information about attention and seen object category was 611 

differentially distributed across the frequency spectrum, as summarized by the model-612 

based decoding analyses above. This finding suggests that attention and vision have 613 

different spectral signatures. In particular, variation in power within the −   band of 614 

frequencies (PC3) was highly selective for attended object category. This finding is 615 
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consistent with emerging evidence for asymmetric encoding of top-down and bottom-up 616 

signals in variation of spectral power (Bastos et al., 2015; Jensen et al., 2015; Kafaligonul 617 

et al., 2015; Michalareas et al., 2016). 618 

 619 

 620 

 621 
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 719 

Figure, Table, and Extended Data Legends 720 

 721 

Figure 1. Overview of the experimental design. Participants viewed color photographs 722 

depicting either a car, building, or face. Photographs were presented for 0.5 sec followed 723 

by a 1.0 sec grey screen inter-stimulus interval (ISI). For each participant the experiment 724 

was partitioned into blocks of 30 to 50 photographs. At the beginning of each block, 725 

participants were cued to attend to one object category in the following order: buildings, 726 

faces, and cars. Photographs did not repeat across or within blocks. At random intervals, 727 

participants were presented with a question mark after the ISI and asked to verbally 728 

indicate whether the last displayed photograph belonged to the attended object category. 729 

This design allowed the study of nine combinations of seen and attended object category 730 

(for example “see building, attend car”). In the illustration above, columns indicate series 731 

of photographs presented within one block. The attended object category is indicated at 732 
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the top of each column. Photographs were selected to illustrate each of the nine possible 733 

combinations of seen (rows) and attended (columns) object categories.  734 

 735 

Figure 2. Principle component analysis (PCA) of peri-stimulus power spectral 736 

density (PSD) functions. (A) Brain surface reconstructions illustrating the location of all 737 

recording sites from 11 participants. Each black dot indicates the location of one 738 

recording site, plotted in MNI space. L corresponds to the left hemisphere and R to the 739 

right hemisphere. Table 1 lists distribution of electrodes locations across participants 740 

(B,C) Peri-stimulus PSDs from a single recording site in the right calcarine cortex (B) 741 

and left hippocampus (C) from participant six (S6). Each sub-plot shows the average 742 

(shading indicates SEM) normalized, log-transformed PSD corresponding to each 743 

combination of seen and attended object category (attended object category is underlined 744 

in each subplot) and for the ISI also referred to as baseline. These condition-specific 745 

averages were performed over all single-trial PSDs for the specified combination of 746 

(seen, attended) object category (or for the ISI). Single-trial PSDs are derived from the 747 

local field potential (LFP) beginning at onset of stimulus for a duration of 0.5 sec. A total 748 

of 8580 condition-specific PSDs were calculated from 858 recording sites across 11 749 

participants. (D) Results of PCA applied to all condition-specific PSDs. The top three 750 

principal components (PCs) are shown (labeled PC1, PC2, and PC3). PC1 characterizes 751 

broadband variation in spectral power; PC2 and PC3 are selective for power variation in 752 

narrow, low-frequency bands. Figure 3 shows results of PCA when applied on individual 753 

participant separately. Figure 4 shows the correspondence between PC2 and ERP. 754 

 755 



 

33 

Figure 3. Results of principal component analysis (PCA) applied to individual 756 

participants. Left,upper: Recording sites for all participants mapped onto a reconstructed 757 

brain surface. The spectral patterns for the top three PCs are calculated based on 758 

condition-specific PSD from all participants except the tested participant to avoid double 759 

dipping. Left,middle: First three PCs for combined-participant data. Left, bottom: 760 

Percentage of total variance explained by each PC shows that PC1 represents 24.4%, PC2 761 

represents 8.8%, and PC3 represents 7.9%. Right: Each panel shows recording sites (top) 762 

and single-participant PCs (bottom). The number of recording sites used for PCA varies 763 

across participants between 28 and 132 recording sites.  764 

 765 

Figure 4. Relationship between principal components and the frequency content of 766 

event-related potentials. (A) PC1 and PC2 but not PC3 encompass most of the 767 

frequency content of event-related potentials (ERPs). Time-series at each recording site 768 

were filtered by PC1 (blue), PC2 (orange), or PC3 (green). After filtering, ERPs were 769 

computed for signals at each recording site. The Pearson correlation between the 770 

“filtered” ERPs and standard, un-filtered ERPs was then calculated. The histogram of 771 

correlation coefficients for all 858 recording sites shows that the structure of ERPs was 772 

destroyed by PC3-filtering, but PC1- and PC2-filtering preserved most of the ERPs’ 773 

structure.  (B) The power-spectral density (PSD) functions of the condition-specific ERPs 774 

are most closely correlated with PC2. PSD functions of the condition-specific ERPs at 775 

each recording site were computed and then correlated with each of the PCs. The 776 

histogram of correlation coefficients shows that PC1 and PC3 are uncorrelated with the 777 
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PSD of ERPs. For many recording sites, however, PC2 is strongly correlated with the 778 

PSD of the ERPs. 779 

 780 

Figure 5. Spatial distribution of recording sites with an accurate encoding model for 781 

each PC. (A-C) Encoding model construction and validation for one recording site and 782 

PC. The encoding model predicts power along each PC as a function of the nine 783 

conditions (i.e., each pairing of seen and attended object category) in the experiment. 784 

This panel shows the construction of an encoding model for the recording site illustrated 785 

in Figure 1. (A) Measured PSDs (left) for a single recording site in the left hippocampus 786 

of participant six (S6) for several test trials. Measured projection values ( , right) are 787 

calculated by projecting each PSD onto the principal component (PC1 in this example, 788 

middle). The seen, attended category of each trial is color-coded on the x-axis. (B) 789 

Predicted projections (
^
, beige curve at right) are calculated using the encoding model 790 

(the encoding model equation shown in first panel was trained on an independent set of 791 

80% of total trials). Here s is the ( × 9) design matrix of the test set (each column 792 

indicates a task condition), w is (9 × 1) vector of condition weights (i.e., regression 793 

parameters), and capital letters in the superscript indicate the (seen, attended) object 794 

categories, where B=building, F=face, and C=car. (C) Comparison of the measured and 795 

predicted PC projections. Prediction accuracy is the Pearson correlation (0.4 in this 796 

example) between the measured and predicted projections. (D-F) The same method 797 

described in (A-C) is applied to all 858 recording sites across PC1-PC3. Top panels: 798 

Histogram (log-scale) of encoding model prediction accuracy across all recording sites 799 

for each PC. Recording sites to the right of the accuracy threshold (dashed line, Pearson 800 
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correlation > 0.19, p < .05; permutation test) are designated “accurate”. Middle panels: 801 

Recording sites (black dots) with accurate encoding models displayed on the surface of a 802 

template (MNI space) cortical surface reconstruction across the 11 participants for PC1 803 

(D, N=75 recording sites), PC2 (E, N=195 recording sites), and PC3 (F, N=111 recording 804 

sites). L: Left hemisphere, R: Right hemisphere. Bottom panels: Percentage (bars) of 805 

recording sites with accurate encoding models in each of the labeled brain regions for 806 

each PC, as well as mean +/- SEM percentages under a null distribution (permutation test, 807 

N=10000; stars indicate significance at p<10-3 ). Figure 6B shows their distribution 808 

across the eleven studied participants. And Figure 6C shows the spatial and spectral 809 

distribution of recording sites with an accurate encoding model.  810 

 811 

Figure 6. Spatial and spectral distribution of recording sites with an accurate 812 

encoding model. (A) Pie charts show the proportion of recording sites with accurate 813 

encoding model for the studied PC. There was a significantly higher proportion of 814 

recording sites with accurate encoding model for PC2 and PC3 compared to PC1. 815 

(N=848 total recording sites. ***p=10-5 comparing each PC to PC1 permutation test with 816 

1x105 permutations). (B) From left to right: Histogram showing the number of recording 817 

sites across the studied eleven participants, then the number of recording sites with 818 

accurate encoding models for PC1, PC2, and PC3. (C) Locations of recording sites with 819 

an accurate encoding model for PC1 (broadband pattern, light blue) and PC2/3 820 

(narrowband pattern, orange) Data shown in this panel is the same as the ones presented 821 

in Figure 5 D-F middle panels but plotted here on one brain. 822 

 823 
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Figure 7. Selectivity index and sharpness of tuning to seen and attended object 824 

categories. (A) Comparison of sharpness of tuning across the top three PCs for one 825 

recording site that had accurate encoding model for all three PCs. Parameters 826 

(normalized) of the encoding model for PC1-3 are plotted in blue, orange, green, 827 

respectively. For each PC the parameters of the encoding model were rank-ordered along 828 

the x-axis.  The rank of the smallest-valued parameter (arrows) above the middle of the 829 

normalized range (dashed line at 0.5) was then identified. High (8-9) or low (1-2) values 830 

of this response index indicate relatively sharp tuning. Mid-range values (3-7) indicate 831 

relatively broad tuning. For the recording site shown here (participant S11, middle 832 

temporal gyrus) the index for PC1 is nine (blue arrow), indicating sharp tuning of the 833 

response along the broadband component. Indices for PC2 and PC3 are three (orange 834 

arrow) and six (green arrow), respectively, indicated relatively broad tuning in the 835 

response along the low-frequency components. The detailed steps for calculating the 836 

selectivity index is presented in Figure 8. (B) Rank-ordered tuning plots for every single 837 

recording site (thin lines; color corresponds to PC) and cross-site mean (thick lines, error 838 

bars are S.E.M) with an accurate encoding model for PC1, PC2 and PC3. (C-E) 839 

Histogram of the number of recording sites with accurate encoding models for each of 840 

PC1 (C), PC2 (D), and PC3 (E) for each value of the response index. Response indices 841 

for PC1 are skewed toward the extremum relative to PC2-3, indicating sharper tuning of 842 

the broadband PC1 response than the low-frequency PC2 and PC3 responses. Locations 843 

of recording sites with an accurate PC1 and PC2-3 encoding model and high response 844 

index within the temporal and occipital lobes are shown in Figure9. 845 

 846 
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Figure 8. Examples of encoding model weights. (A) Example of encoding model 847 

weights for a recording site in the ventral temporal lobe (location is shown as black dot 848 

on the normalized brain template). Left panel: The encoding model weights for PC1 (y-849 

axis) for each of the seen categories (x-axis) across the three attended categories 850 

(attended to building in purple, to face in green, and to car in pink). In this example 851 

seeing a face had a higher projection than seeing a building or a car independently from 852 

the attended category. Middle panel: To compute a selectivity index, the encoding model 853 

weights of the left panel are then normalized to the range 0-1 (y-axis). Right panel: The 854 

nine (attended,seen) conditions are then rank-ordered to sort the normalized encoding 855 

weights of the middle panel from the lowest to the highest value. Now each rank ordered 856 

task has a new abstract value from 1-9 representing its rank order position on the x-axis. 857 

The selectivity index is the x-axis value at which the normalized encoding weight reaches 858 

above the middle of the range (0.5). In this example selectivity index is 6 (pointed to with 859 

an arrow), and the conditions are rank ordered based on the seen category.  (B) The same 860 

steps as in (A) are shown for a recording site within the middle temporal gyrus (location 861 

is shown as black dot on the brain template) for PC1 (first row- in blue), PC2 (second 862 

row- in orange), and PC3 (third row- in green). The summary of the selectivity index of 863 

this recording site across the top three PCs is shown in Figure 7.  864 

 865 

Figure 9. Locations of recording sites with accurate PC1-3 encoding model and high 866 

response index. In the left column of the brain maps, shown in light blue are dots 867 

representing each recording site that had accurate encoding on PC1 and was sharply 868 

tuned for the specified object category with response index ≥ 7 within the temporal and 869 
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occipital lobes. In the right column of the brain maps, shown in orange and in green are 870 

dots representing each recording site that had accurate encoding on PC2 and PC3 871 

respectively and was sharply tuned for the specified object category with response index 872 

≥ 7 within the temporal and occipital lobes. 873 

 874 

Figure 10. Model-based decoding of seen and attended object category. Model-based 875 

decoders were used to identify the seen or attended object category encoded in spectral 876 

power along PC1, PC2, and PC3 from populations of recording sites.  (A-B) How 877 

populations were selected. (A) Recording sites were selected on the basis of their 878 

encoding model prediction accuracy. The plot shows a histogram of encoding model 879 

accuracies for PC1 (similar histograms were constructed for PC2 and PC3).  Color 880 

indicates prediction accuracy.  (B) Populations of varying size were constructed by 881 

selecting recording sites in order of encoding model prediction accuracy. The population 882 

of size one (squares indicate recording sites; circles delimit populations) contains the 883 

single recording site whose encoding model has the highest prediction accuracy. The 884 

population of size two contains the recording sites whose encoding models have the 885 

highest and second-highest prediction accuracies, and so on. The largest population 886 

contains all recording sites. (C) The procedure for decoding seen object category from a 887 

population of recording sites (a similar procedure was applied to decode attended object 888 

category). The first three columns on the left of the matrix indicate the nine experimental 889 

conditions. Capital letters indicate the seen, attended object categories, where 890 

B=building, F=face, and C=car. Attended object category is fixed along each column; 891 

seen object category is fixed along each row. The rightmost column indicates the seen 892 
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object category to be identified from measured spectral power (along PC1 in this 893 

example) in the population of recording sites. In this example, the “true” seen object 894 

category is building. Thus, measured spectral power was obtained from three randomly 895 

selected trials (top row of the matrix) in which the seen object was building and the 896 

attended object was car, face and building, respectively. Measured spectral power for 897 

each recording site and trial were concatenated to form the “measured pattern” illustrated 898 

by the plot at top right. In this plot recording site and condition are arranged along the x-899 

axis, and measured spectral power is indicated on the y-axis. To decode seen object 900 

category from this pattern of measured spectral power, the encoding model for each 901 

recording site in the population was used to generate “predicted patterns” (bottom three 902 

plots at right) corresponding to each of the three seen object categories. That is, for each 903 

seen object category predicted spectral power for each recording site is concatenated 904 

across the three attended object categories. Each of the three predicted patterns was then 905 

correlated with the measured pattern. If the predicted pattern corresponding to the true 906 

seen object (in this example “building”, indicated with an asterix) was most highly 907 

correlated with the measured pattern, decoding was considered successful and marked as 908 

a “hit”. (D) Decoding performance (curves indicate median, shading is 95% confidence 909 

interval) for spectral power measured along PC1 (top row), PC2 (middle row) and PC3 910 

(bottom row). Recording sites were sampled from all available sites (left column), 911 

temporal lobe only (middle column), or occipital lobe only (right column).  Each plot 912 

shows median percentage of hits (y-axis) across 900 attempts (300 attempts per each 913 

object category) for populations of varying size (x-axis). Decoding of seen object 914 
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category (red curves) and attended object category (brown curves) was performed 915 

independently. Quantification of accuracy is detailed in Figure 11. 916 

 917 

Figure 11. Category-specific decoding accuracy for each PC. Median decoding 918 

accuracy (error bars represent 95% confidence interval) for populations of varying size. 919 

Wilcoxon signed rank test was used to compare each sample to accuracy expected by 920 

chance (33.33% accuracy) for decoding specific categories (face, building or car). 921 

*p<0.01, **p<0.0001. 922 

 923 

Table 1. List of participants and electrodes location. The table shows the distribution 924 

of 858 recording sites across participants and brain regions. Unless otherwise specified to 925 

be grids, electrodes are depth electrodes. Note that the nomenclature of electrodes is 926 

broadly construed: a “frontal” electrode goes from a deep brain region within frontal lobe 927 

up to frontal cortex. A “temporal” electrode goes from amygdala or hippocampus up to 928 

temporal cortex. “Insular” electrodes go from either anterior insula to frontal cortex or 929 

posterior insula to parietal cortex. Occipital “electrodes” go from medial occipital regions 930 

to occipital cortex and sometimes to parietal cortex. 931 
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Table 2-1 1 

Participant 
ID 

Electrodes location Gender Age Nb. recording 
sites 

1 Bilateral temporal Male 44 28 

2 Left. Grid: frontal and 
temporal. Depth: frontal Female 36 114 

3 Bilateral frontal, temporal, 
insular Female 33 115 

4 
Bilateral temporal, 
occipital.  
Right frontal 

Male 19 68 

5 Bilateral frontal, temporal, 
insular Female 45 132 

6 
Right: temporal, occipital.  
Left: frontal, temporal, 
insular 

Male 30 109 

7 Bilateral occipital. Left 
temporal. Male 32 45 

8 Left temporal Female 41 18 

9 Bilateral frontal, temporal, 
insular Male 14 96 

10 Left: frontal, temporal, 
insular Male 21 81 

11 Bilateral temporal Female 56 52 




