INFORMATION CONTENT OF CORTICAL SPIKE TRAINS DURING DIFFERENT BRAIN
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The information carried by spike trains is the basis of neural coding. Each 2) EEG analysis to determine brain state of vigilance. RESULTS 4 The transition from sleep to awake was studied in a total of 15 neurons.
spike has an energy cost (Lennie, Curr Biol 73: 493, 2003) and therefore its : : € wa led in a total o euro
eiis’rence g bgeyr'elevan’f to the system. During sleep and awake states, Wakefulness NREM sleep REM sleep *r]if\_é?/iel( ;iii:::iffzf:han’fe?rcgnoa ;402?;:223.:;2 c::‘eerazfi :(lelsusf(); ;r\:\:‘:;r\r:zfg:efognd Out of them 13 had a detectable increase in the information rate, 1 had a decrease
even in the absence of stimuli, there is ongoing activity in the cortex as a N \ kp The following fi how the distributi pl | q kp and 1 showed no change.

It of the recurrent connectivity in the cortical and thalamocortical loo rw N M W H *{ « ’ W M o \) awake. The following figures show the distribution of slow wave sleep and awake . . . . .
result o . Y . . , . P | I "\ .J ill' | «f H A " \)1 Mw + M ‘W*f average information values The average increase in information rate in the transition from sleep to awake
Here we have determined how much information is carried by ’ ' 1 50- | 10 was of 10.29 bits/s.
spontaneous spike trains of neurons in the cerebral cortex of a T 14 : 5123: 104 hi lude +h ben during sl ods 1 s 0 rhvERmICtY i
chronically implanted animal under different state of vigilance, with an Figure 4. Examples of EEG recording showing different brain states. . 15 7272 sleep siate 2 115 . F;omd‘f lZ we con/: ude that, el;’en w .eg./.ur//jg Sh eep perio : there /s/a r y/: /1;)/07‘)/ /:n
emphasis in the changes of information during transitions between | | | Delta  0.5-4.0 Hz e ] fne aischarge, there is enough variability in the interspike infervals such that the
states. In order to estimate information content in the spike trains we have The | me’rhod applied consns’red. In a Theta 4.5-8.5 Hz % : 08 information conveyed by spike trains is similar to the one during awake states.
used Lempel-Ziv complexity, a method that has the advantage of estimating quantification of each state taking Into S'e?r'gf 194%_11%.'5"2,42 £ 4 § iy
entropy with short (non-infinite) recording times (Amigo, J. M., Szczepanski, account  the wvalue of the following Beta2 19-30 Hz "2 E o2 Figure 11. Transition from sleep to
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8l average raw values of information with respect to the sleep value. The information L between the spike trains of two different
The representation of the parameters’ value ;::wm gmleen;fggoss nerons during sieep anc in Zﬁiﬁebfyhmeins‘s’n'zzp*;?é?i. tas consistently higner e neurons run in parallel.
METHODOLOGY in a space of phases showed three different ¢ _ o | ,
There are 3 different aspects of the Methodology that we will report here: clusters corresponding to the different s 4 _ For all the neurons, we normallzed ’rhenr information vglues fo the ones dur 'ng sleep. 5 The transition from awake to SIeeP was studied in a total of 24 neurons.
1) The realization of single cell recordings in chronically implanted behaving brain states. P1 served to distinguise |- | If we take the a priori null hypothesis as there being an equal probability of an Out of them 19 had a detectable decrease in the information rate, 4 had an increase
rats: surgery, recordings and cluster cutting. between REM and N-REM sleep and P2 .} °.. increase or decrease in information rate from sleep fo awake then the probability of and 1 showed no change.
2) The determination of the brain state of vigilance based on the EEG analysis. served to distinguised between REM and . . B obsTgwnE 32 out of .39 cashes ?‘S mc;eagmg " mforma’rl%n bl'.sloex’n."emely small. We The average de.cr'ease in information rate in the transition from awake to sleep
3) The estimation of the information content in the spike trains. AWAKE state (Maloney K. et al. 1997, o et R B would therefore reject the hypothesis of equal probability in favour of an was of 10.94 bits/s.
: . . alternative that the probability is greater that there will be an increase (p<0.0001). : "
Neuroscience 76 (2) 541 , Veasey,SC. et al. Fiaure 5. Phase's space showina the / . . ) ) . . 45) Figure 13. Transition from awake to sleep
1 ol I di i ch ~allv il d behavi 2000, Sleep 23 (8):). In this study we have ‘rhgr'ee  lustan Cgrrespon din9 oy Therefore, the average value of information in spike trains was higher in awake =N state. Notice the parallel change in the
) Smg € cell recordings in cnronically imp ante enaving rats concentrated on N-REM versus WAKE state REM N-REM and AWAKE s’ra‘re? with respect to sleep states (see Fig. 7). ggg EEG signal at 40s with the decrease in the
. . . . . . . Y . . On the other hand, the average raw (non-normalized) values of information between g 20 '“formﬂ*'onh content CG'"'I"'efi ':éY two
We recorded from Lister Hooded rats chronically implanted with tetrodes 3) Analysis of the information content in the spike trains sleep and awake states for the population were not significantly different given the £ 12_ e T ;‘f‘g'}f‘ﬁ'm;raﬁgﬁ C'jnfen‘fg;e,rﬁl";:ik:m;ig
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. = . . . . . ~bte . Time (s)
or 25/./mpd?ame1‘er' HM-L-coated platinum-iridium wire and the four Each second is divided into 7 (encoding between neurons expanded between 5.4 and 72.5 bits/sec for sleep and between
tetrodes were held by a cannula which was attached to a microdrive(Fig.2). frec’]‘uir.\cy) bins (?G:h lblnzlg.a ms)(.j. With 4.12 and 75.5 bits/sec for the awake states. 6 The influence of the spike cutting in a more restrictive (1.3SD) or less restrictive
each bin we associate 1 or epending on . , . . ,
After one week of bost- whether or not there has been at least Z.There was positive relation between flr'mg rate and information (20 SD) criteria determined the absolute values of information carried by spike
, P e v . I SN I WY ) ﬂ% — . trains but not the relative transitions between states (Fig. 14).
operative recovery we started one spike in this bin (Fig. 5). n ke (e Tanath content, however in most of the cells a plateau was reached, such
the recording. The electrodes , i Figure 5. Illustration of the encoding procedure less restrictive
he | advancgd o o 16 50 Lempel-Ziv Complexity (1976) Foom Avige ot al. 2004). Zr:\a';)hlgher' rate did not correlate with higher information content 50. less restrictive
| Z 40!
| 75um daily in 25-50um steps. For a given sequence S, of bins Lempel-Ziv76 complexity denotes the J 38‘_ o Mean %40.
. o number of new patterns that appear when we go along the seguence. 364 % - 5 30
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Figure 1. Implanted rat. Figure 2. Microdrive Normalized complexity is defined as c2(S )—r?/iézn) 34 ?ilgit:‘re Br‘amRe'a;r:%nSh'iafobrﬂgﬁin ‘g 20-. Figure 14. Comparison between the absolute value
Multiple single units recordings and data processing  mounted with fwo tetrodes. Entropy Estimation 2! 2 o P + e Comgnt Tts shows a positive 5 10 of the information content and the used of different
Electrical spontaneous activity was recorded during sleep, drowsy and awake In the case of stochastic processes, entropy H can be expressed as & «®® " relation between then until a " ol | | | | parameters of cutting.
states while the animal was in its home cage. All the activity included in the entropy per symbol (average information carried by symbol, the symbol/ 30- o L plateau is reached. 600 800 1000
analysis was spontaneous and recorded from the visual cortex in the absence of being O or 1). Assuming ergodicity of stochastic processes (generating g % o !
visual stimuli.The recordings were done in darkness and we supervised the sequences) it was proven that ¢ (S )—H . CONCLUSIONS
animal” s behavior with an infrared camera. Single and multi unit recording were Information carried by a spike-train W T
made with a 16 channel data acquisition system from Axona Ltd (London, UK). Information carried by event A in Shannon sense is [(A-10§ Y where P(A) is spikes/s * During awake states the average value of information in spike trains was higher than
After amplification (1000x) and filtering, EEG field potentials (sampled at probability of A; we see that less probable events carry more information. For 3 during slow wave sleep states (5.3+/- 0.8%). This is a moderate change and suggests
250Hz, low-pass flITereq at 5OOHz) and extracellular action potentials (spikes, ergodic sources we have (S 9 . Information rate in the spike trains of neighboring neurons was highly correlated, that, even when rhythmic, neuronal activity during slow wave sleep has high information
sampled at 48 KHz, high-pass filtered at 360 Hz) were recorded from 5 both during sleep and also during the awake state (Fig. 9). This phenomenon was content.
supragranullar layers. Recording sessions lasted 30 minutes. After each Tth, fqr sufficiently long sequences, information ca.rried by singlg spike- observed even for neurons that were recorded with different tetrodes and 250-300
recording session, the data were fransferred Jfﬂwi:ﬁfm”m IV per'sonalﬁ trains is | cllose to entropy. Consequently, normc}x\llzgd complexity fog microns apart. 50-:;:m+ezxvawem . In most cases we observed a positive relation between firing rate and information
computer and were analyzed off-line. i sufﬂcuen’ry ong (m.’rlme) sequences approximate the information carrie DS Vi B, o content until a plateau was reached.
Spike Sorting == - ' : by single encoded spike-train. 404z oner oo q
Cluster cutting was done using the Offline Sorter £’ : : : Y] EEE N 5P F;‘Q”"e. 9. Correlation between » Transitions from awake to slow wave sleep and from sleep to awake resulted in similar
software (Plexon Inc). The waveforms are sorted iz Moving "‘.""d°“’ Assqmp‘rlons : T . a = ‘. 2 o ;;Tes/s')nforon;amfnwo Con;rﬁcr:clre(,'\? changes in information content in the spike trains (around 10 bits/s increase/decrease).
into uhits b lecti : . We consider normalized complexity within sliding windows along encoded S R G .
y selecting an automatic method: the = ; Ko-trai +h the lenath +o be 5 This is due to trade off bet . = 20 neurons recorded with the same
valley - seeking algorithm (Fukunaga, 1972, Infro_ |Haame Spl'( e-Trains Wé. ¥ © I‘el?g © d.e. ; se;. th 'S 15 due To ﬂr‘*a € oTt be weer;. - tetrode. Statistical 5|i9”‘fic,ﬂnce -Changes in the parameters of the spike sorting did not influence in the results if we
duction to Statistical Pattern Recognition, Chapter - Keeping conaltions fike ergodicity o € process (thus we assume aiso 10- S Osggg{' in the left inset take into account the relative transitions between states.
11 Ac. Press). The 3D cluster view option was m local stationarity) for which normalized complexity works from one side, (p<0.0001).
us,ed, with Principal Component (PC) 1, PC2, PC3 as Figure 3. Offline Sorfer and o . | ’
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