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Pyramidal neurons are members of a family of excitatory neurons that release the Using the in vitro pyramidal cell data, we train a model of the cell and gauge the accuracy of the model based on simulated voltage responses to

neurotransmitter glutamate. Categorized as projector neurons, they typically have sample input data. The 20 pulse sweep dataset was used to train the model while the ramp and sinusoidal data were used as test sets.

elaborate dendritic trees with pyramid-shaped somas. They posses a variety of
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voltage-gated ion channels that govern their excitable electrical behavior. To fit w0l f E %
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conductances and the Kinetic parameters associated with the opening and closing of

ion channels. This is a challenging fitting problem since most of the state variables of Optimization of the models was performed over a few dozen parameters resembling observed physical variables in neurons such as the Sodium,

the dynamical system (i.e. the gating variables) are not directly observed. Potassium, and Leak channel gating variables. In addition, the models considered Sodium-leak and Potassium-leak variables.

The optimization problem is highly non-linear, and thus solutions for optimal parameter values were highly susceptible to local minima. To
account for this nearly 300 models were trained with varying initial estimates.

After a set of optimal parameters was found, the model was evaluated against the test data and the most optimal solutions were selected.

Training Results & Model Evaluation

A simulated voltage trace in response to the test data was generated using the optimal estimated parameters of each model. The best models
: Pyramidal cells were found to be those which replicated the firing rate, resting potential, depolarization behaviour, and hyperpolarization behaviour during
Interneurons
simulation. The results of the best models for each group are shown below.
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Our goal was to use these methods to estimate the parameters of conductance-based
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neuronal models directly from voltage traces and then use the models to gain insight
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