Spiking network modeling of neuronal dynamics in individual rats
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Fig. 1: (A) Natural flow of sensory information. (B) Mechanical actuator = 8 = A \«.\
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IF2 Fig. 5: There was considerable variability between subjects in terms of mean firing rates, coefficients of variation, local
IL2 field potential spectra, and peristimulus time histograms.
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Fig. 6: Calibration reduced the average mismatch for firing rate and coefficient of variation from 30% to 16% on average.
This reduced mismatch in the LFP slope in 7 of the 9 subjects, albeit by a small amount (from 36% to 34%).
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2L ‘. ] 10.09 factors of 10 and 3 in key input and output pathways, respectively.
ER4 - 1
40.06
Fal . :
IL4 | . 10.03 f
L _ Icn
Summary References
EBS | ] 10.00 S [1] I1zhikevich EM, Edelman GM (2008). Proc Natl Acad
.. e We used a novel optimization method USA 105:3593—8
IFS - . op - ' )
. 1 003 to calibrate spiking network models to [2] Kerr CC, et al. (2013). Front Comput Neurosci 7:1-14.
] | data from individual rats. [3] Kerr CC, et al. (under review).
ERO . 0.06 e Inter-subject differences can be related Fundi
For . ‘ to differences in model parameters and unding
L6} : ~0.09 thence to differences in computation. ?”5”3"[3)‘?133?%??72CO“”C'I Discovery Early Career
TCR| - e Future work will investigate other wat '
TRN| : —0.12 fitting methods, and will relate Further information
Fig. 3: Connectivity of the model, showing effective connectivity from rows to ??fdeled dlf:feLenhceS. ' computation to E-mail: cliff@thekerrlab.com
L ’ Iirtercences in behavior. Web: thekerrlab.com

columns. Red = excitation, blue = inhibition.



