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Analyzing the sensitivity of the models parameters can help us find better combinations

Abstract: Predicting ion channel distributions in recorded of score functions

Compartmental modeling of neurons allows one to quickly and efficiently
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critically on the biophysical accuracy of the model. This accuracy can be

improved through optimization, which constrains model parameters to best fit Models can be fitted to neuronal recording
an empirical dataset. Depending on how optimization is implemented—Dboth with optimization algorithms
mathematically and experimentally—one can arrive at several solutions that all

Surrogate data assess optimization algorithm preformance

Parameter set

Stimuli

reasonably fit empirical datasets. Intuitively, as one increases the size and Tergetdata  Recorded neuron Model's parameters | _ Model's parameters

Set of random K Na Conductance at the axon —_ =— Na Conductance at the axon

COmpleXity Of the ta rget dataset, the n u mber Of mOdeIS that aCCU rately Ca ptu re parameters '\ V 'L/N T(“Conductance at the soma r(“Conductance at the soma gna_dend gna node gna_soma gkv_axon gkv soma gca dend gkm dend gkca dend gca_soma gkm_soma gkca_soma depth cad ° gna_dend gna_node gna soma gkv_axon gkv_soma g;z_rdai:c;tsrknma_ieend gkca_dend gca_soma gkm_soma gkca_soma depth_cad
. . . . . \ t
dataset properties decreases, theoretically leading to one unigue solution that

| Il A combined score function that includes both spearman and
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data. As a test bed, we began with Mainen and Sjenowski's 1996 model of a - K Conduclanceatthe soma | Target Data/Surrogate Data
cortical pyramidal cell, which has 12 free parameters describing ion channel “MM - _%‘
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the original values of the free parameters (named the target parameters) to 50 ms Muxw
create a dataset of voltage responses that represents the ground truth target d
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that reliably constrain the model. Then we checked how sensitive each | i Ll Future Work: divide optimization
parameter was to different score functions. We found that five of the twelve e to several stages - peeling procedure
parameters were sensitive to many different score functions. While these five We used 260 different stimuli to generate rich target (surrogate data . W
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Finding the optimal score function will ease the search for target parameters

Chi square score function with 2 free parameters
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NeuroGPU accelerates neuronal simulation

Several solutions can generate the target data
o SX I\]I 70x Compared to CPU when using only one stimulaion and score function
yramidal Neuron

Mainen & Sejnowski 1996
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When combining several stimuli and score functions,
the number of appropriate solutions decrease
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