Computationally Modelling NMDA Blockages Within a Neural Network
Anya Raetsch, Mark Lyon

Department of Mathematics and Statistics, University of New Hampshire

Introduction Graphical Analysis of Pattern Formation (Firing Rates)

important to memory formation within the brain due to its control Neuron Spike Count std(firingrate) / mean(firingrate), where the higher the CV, the more of a

of calcium entry into the cell. When NMDA is “closed” due to — 7 1800 “pattern” emerges within the system. A lower CV means that the firing rate

magnesium bonding to the NMDA receptor, the calcium ions are becomes more uniform (eventually dying out), with less “dips” and “bumps”
]

within the system.

blocked from entering the transmembrane ion channel, which
affects central nervous functions. (1)

1% In this situation, the CV with NMDA is smaller than the CV without NMDA, but
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In recent years, there has been an increased interest in long-term 1 — thatcc\;m l;e ;ﬁgj‘nedo?;gh/e 1206V\é(r)1um1b260r70ft0tal spikes without NMDA.
effects of NMDA blockages on the brain, due to the “re-wiring” of ] w = - =
communication channels (synapses) between neurons. An example 1 = 1 1400 CVw/0 NMDA =.0021 /.0072=.2917
of a NMDA-receptor antagonist (acts as a blocker of NMDA) is 1 =
Ketamine, which is often used as an anti-depressant. — Changes from Pre-Post
93.4375% decrease in STD
2 — . g
This project aims to model the effects of drugs such as Ketamine g 1200 97.2830% decrease in mean firing rate
on the brain, and how the blocking of NMDA receptors affects firing = — _ _
rates, which can then be applied to studying long-term plasticity Spike Differences: Pre-Post: 97.26% decrease
within the neural hierarchies. 3,302,962 in pre
1000 90,499 in post
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Methodology H Future Goals
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[ utilized the Nest Simulator in Python to create a 50x50 - — ] _
2-D grid of neurons, where 80% of the neurons were = e e e e . Now that a dependence has been
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create my inhibitory neurons, I utilized python’s built in 11
random number %enerator to generate 500 random | | | | | | fll‘lrlg rates of neurons, future goals
nthbehrs between -25(()100. | t}(lienhs_elelsl’%\?[d])ghe geXrMOII’lX Difference in Total Spikes in System During First 5000 ms and Last 5000 ms include:
with those positions and turned theilr an : .
receptor We?ghts to 0. «10° Summation of Spikes Before vs. After £, A EOQAQ * MOdelllng long-term plaSthlty

_ _ | * -  Investigating different models, parameters,
For each trial, I ran the simulation for a total of 10000 31 . and source code within NEST to eventually
milliseconds (ms), and the only neurons that had external L | create a model to best show the goals
stimuli were the neurons on the top row. They were . delli h €f £
randomly spiked at a rate of 50 hZ per second using a 2 |- - Mode 1ng the eftfects of NMDA
rl:gllﬁ%(r)lqc ()gfllelglljgrtl?r' All other spikes were generated from sl i blo Ckages using drugs such as

' - Ketamine to understand how short-

All parameters stayed the same from trial to trial, except 05 - .
for the weight and duration of NMDA within the system. : | term effects can be created and

o D4 it DA applied long-term

Parameters CV over 10000 ms total, NMDA cut off at 5000 ms CV sim 1 vs sim 2 ) UnderStandlng how Ketamine and
other NMDA blockers change

The connections betwgen neurons dre calculated using a Calculated Mean and Standard Deviation of Firing Rates Across Neurons Calculated Mean, STD, and CV of Firing Rates Across Neurons Communication Channels Wlthln a
distance based gaussian probability. (2) 0.3 ' ! 0.3 ' | l Ik
d(x) = 0.005 + .08 *p(x) neural networ
025 | - 0.25 | | |* Furthering a deeper understanding
(z—mean _x)? = (y—mean y)° o, | T mEan X)(y—mean_y] of the Nest Simulator
sbd_x2 std_y2 g sbd_xsbd_y 0.2 - 0.2 |
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