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ABSTRACT OF THE THESIS 

Modeling Nonlinear Dynamics in Slices of Primary Visual Cortex 

By 

Victor Quintanar-Zilinskas 

Master of Science in Biomedical Engineering 

University of California, Irvine, 2014 

Associate Professor Zoran Nenadic, Chair 

 

 Although the primary route of information through the layered structure of the 

primary visual cortex (V1) is generally known, the quantitative details of V1’s internal 

transmission are only recently being unpacked.  One high-throughput method for 

quantifying layer-specific transmission strengths is laser-based glutamate uncaging 

(LGU) combined with voltage-sensitive dye (VSD) imaging: glutamate is uncaged with 

great spatial specificity, activates the neurons in its immediate neighborhood, and VSD 

reveals their targets.  This thesis presents biologically-inspired computational models of 

a V1 coronal slice whose parameters are informed by LGU-VSD data and whose 

outputs in turn replicate the visual features of outputs from LGU-VSD experiments.  The 

modeling exercise’s biggest success, due to the correspondence between mathematical 

model features and biological features of V1, is that it provides mechanistic 

explanations for experimental observations.  The most impressive mechanistic insight 

explained findings that L4L23 activity spread was the inter-layer projection both most 

suppressed by the blockage of excitatory NMDAR (ion channels that are receptive to N-

methyl-D-aspartate) currents and most enhanced by the blockage of inhibitory gamma-
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aminobutyric acid (GABA) currents.  I replicated these observations by modeling this 

projection as more broad and shallow than the other projections.  Without modeling, the 

suitability of this mechanistic explanation could not have been directly tested, nor an 

alternative explanation ruled out.  Moreover, single-cell receptive field mapping data 

collected subsequently to this modeling finding’s publication revealed that L4L23 

connections were, as compared to other projections, plentiful but weak relative to the 

inhibition acting on the target layer.
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INTRODUCTION 

 The primary visual cortex (V1) implements the first stage of cortical visual 

processing and is regarded as a model system for the study of cortical processing in 

general1.  This is putatively because many aspects of how it processes inputs are 

regarded as important and generalizable to other brain areas.  The most compelling 

structural example of this is that many brain regions (in particular, sensory areas) are 

divisible into six anatomically distinguishable layers amongst which there exist the 

computational and information-routing relationships illustrated in Figure 1.  Meanwhile, a 

particularly compelling computational justification of V1’s status as a model system is 

that the computations it performs have analogs in other neural systems; these include 

input normalization2, center-surround inhibition3,4, and top-down attentional response 

amplification that relies on excitatory transmission5 through NMDARs (named as such 

because they are Receptive not just to glutamate but also to N-methyl-D-aspartate; one 

of the important features of this channel type is that it is voltage gated, i.e. inactive when 

the cell is strongly negatively polarized). 

 Although Figure 1 illustrates a compelling outline of the structure and function of 

the cortex’ sensory regions, many quantitative and layer-specific details are completely 

unknown—some examples follow.  It is unknown whether the profile of L4L23 

feedforward excitation the same in A1 (primary auditory cortex) or in V2 as it is in V1.  

The effects of top-down excitation, which have been observed most definitively in L23, 

are dampened by blockade of NMDAR transmission; less is known about the specific 

effects of NMDAR blockade on L4L23 or L23L5 transmission.  Surprisingly, it is not 
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even fully known how center-surround suppression is implemented; only recently 

(2012)7 was it discovered that, in L23 (the details of other layers are still unknown), 

somatostatin-expressing inhibitory neurons (henceforth referred to as SS interneurons), 

due to the large horizontal extent of their (signal-receiving) axons, played a major role in 

its implementation.  It is hardly a coincidence, of course, that I chose as examples of 

open questions about the brain questions that are in some way addressed by the work 

presented in this thesis. 

 
Figure 1. Major signaling pathways in V1.  (Reproduced from Bastos et al, 2012

6
.)  In this figure, the 

flow of information from thalamus to progressively “higher” cortical areas is deemed the “forward” 
direction.  Note that the microcircuit’s input arrives first at L4, and then goes to L23 and finally to L5; 
hence, the L5 activity that affects L4 is, given the temporal features of this circuit’s activity, classifiable as 
“feedback”. 

 
 Specifically, the computational modeling work presented in this thesis was done 

as a follow-up to an experimental attempt to use a new technology to quantitatively 

address the above questions.  That new technology, laser-based glutamate uncaging 
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(LGU) combined with voltage-sensitive dye (VSD) imaging, was pioneered here at UCI, 

and is described in detail in Xu et al (2010)9.  Briefly, the technology functions as 

follows.  As set-up for experiments, a thin slice of brain tissue is placed in oxygenated 

ACSF (artificial cerebrospinal fluid, which keeps the neurons alive and firing) that is 

spiked with molecularly caged glutamate and voltage-sensitive dye.  During 

experiments, pulses of laser light break glutamate’s cage with great spatial specificity 

(Figure 2, panels A3 & A4), and the released glutamate activates the neurons in its 

immediate neighborhood; then, the VSD reveals the targets of the laser-activated 

excitatory cells (Figure 2B).  The technology is useful because the spread of neural 

activity can be quantified from the VSD image.  It is additionally useful because a 

multitude of VSD images can be collected as a video and therefore provide information 

about the evolution of activity spread with high temporal resolution.  Finally, LGU-VSD is 

a high-throughput data collection method: many different stimuli can be applied to a 

slice within a relatively short time span. 

 As planned, LGU-VSD was used to quantitatively characterize activity spread 

across numerous experimental conditions, some of which involved pharmacological 

treatments of the ACSF that deactivated certain ion channel or neuron types.  In that 

respect, the experiments were a success—but the project’s mission was not yet 

accomplished, because for some of the features (e.g. layer-specific) of the observed 

activity spreads, a mechanistic explanation was not readily apparent.  To paraphrase 

Arthur Lander10, the experimental data provided knowledge about, but did not lead to a 

coherent understanding of, how V1 works.  At this point, I joined the project and built a 

computational model of a V1 slice whose design is biologically-inspired and that 
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successfully replicates the data from the different experiments.  Because the model can 

imitate a variety of data types, it can serve as a basis for explaining how the system it’s 

based on, V1, produced them in the first place. 

 
Figure 2. Demonstration of the effectiveness of the LGU-VSD neuroimaging method.  (Image, and 
parts of the caption, reproduced from Olivas et al, 2012

8
.)  A1 denotes the points targeted by laser 

stimulation via cyan asterisks overlaid onto a slice image—which also shows a glass microelectrode.  A2 
shows the same slice, DAPI-stained; the recorded cell is labeled with biocytin (red), indicated by the white 
arrowhead, and shown in higher magnification in the insert.  The short dashed white lines in A2, B1, B5, 
B9, and B13 denote the laminar boundaries of cortical layers 1, 2/3, 4, 5, and 6.  A3 plots the changes in 
the membrane potential of the recorded neuron (from A2) in response to photostimulation of the 4 × 4 
sites shown in A1. The small circle indicates the cell body location.  A4 shows the simultaneously-
obtained whole-cell recording (red trace) and VSD imaging (blue trace) of the recorded neuron’s 
neighborhood (4 × 4 pixels) in response to photostimulation at sites 2 and 10.  B1–B16 show peak 
activation maps from the VSD image sequences, at each of the 16 stimulation sites indicated in A1.  Here 
and in all future VSD images, as indicated by the color bar in B4: warmer colors indicate greater 
excitation, VSD signal amplitudes are color coded as standard deviations (SD) above the mean baseline 
signal, and only the map pixels with amplitudes ≥1 SD are plotted over the slice image.  The main 
projection patterns for the photostimulated cortical layers are indicated in B3, B7, B11, and B15. 
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CHAPTER 1: BACKGROUND EXPERIMENTS 

 Here, I introduce all of the experiments that were done, and present and discuss 

their data products. 

Table 1. VSD activation in response to laminar specific photostimulation, and interlaminar 
functional projection strength in normal ACSF.  (Reproduced from Olivas et al, 2012

8
.) 

 
 
 

 
Figure 3. Effects of antagonizing GABAa receptor activity with bicuculline on the spatiotemporal 
dynamics of local V1 circuit activity.  (Image, and parts of the caption, reproduced from Olivas et al, 
2012

8
.)  I–L show the average number of activated pixels at the initiation (~30ms post-stimulation), peak 

(~70ms post-stimulation, approximately the time at which activity would have peaked in a control slice), 
and late (~150ms post-stimulation) phases of control and bicuculline treated slices (N = 2).  Data are 
presented as means ± SE.  When the datasets of five slices were pooled, the response differences 
between control and blocking cortical inhibition were statistically significant (P < 0.05) at the peak and late 
phases across all the layers, but not significant for the initial phase (P > 0.5). 
 
 The first battery of experiments done was simply to repeat across many brain 

slices the procedure that produced Figure 2.  The average interlaminar activity spreads 
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and the variability amongst them are reported in Table 1.  These data proved useful 

when I used these activity spread values as parameters in my model, and in 

combination with data collected in a similar fashion from other brain regions (and 

potentially other species), could readily be used to answer questions about comparative 

physiology.  It should be noted that at the site of laser stimulation, both excitatory and 

inhibitory neurons are activated, and that the resulting VSD image reflects the sum of 

their inputs.  So, in order to uncover the full extent of the excitatory projections, laser 

stimulation experiments were repeated using slices treated with bicuculline, which 

blocks inhibitory transmission.  It was found (Figure 3) that, at the post-laser-stimulation 

time by which control slices had reached their peak activation, bicuculline-treated slices 

showed similar levels of activation (although the response is enlarged somewhat in the 

case of L4 stimulation (Figure 4J).  This finding increases confidence that the maps 

obtained without bicuculline treatment are indeed good representations of excitation’s 

extent.  As for the high levels of late-phase activity in bicuculline-treated slices: they 

suggest that in the absence of inhibition, the excitatory activity’s fate is, instead of decay 

to zero, amplification by runaway positive feedback. 

 In the interest of isolating the effects of NMDA transmission, the next set of 

experiments was a comparison of control slices with slices treated with 3-(2-

Carboxypiperazin-4-yl)propyl-1-phosphonic acid  (CPP), which blocks ion transmission 

through NMDARs.  The results of these experiments are presented in Figure 4; 

particular attention should be paid to Figures 4A3/4B3/4C3/4D3, which show the 

activation difference in the presence vs. absence of NMDA transmission, and can 

therefore be regarded as the figures that isolate its effect.  From these figures, it seems 
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that CPP’s effect is most apparent during the peak phase following L4 stimulation, and 

that its transmission to L23 is particularly affected.  Quantitative findings that aggregate 

data across multiple slices confirm both the first (Figure 4H) and second (Figures 4E 

and 4F) of these qualitative intuitions.  A final finding was that CPP application delayed 

the onset of VSD-detectable activity spread in response to stimulation of L5 and L6, but 

not L23 or L4 (Figure 4G). 

 The experimental findings presented thus far have been published8; a third set of 

experiments, undertaken in order to increase what we know about V1’s mechanisms of 

inhibition, was also performed.  Unfortunately, the images produced by these 

experiments are not currently available to me; however, the images (Figures 11 and 12, 

pages 25-26) generated by my model are representative of the data; the findings are 

summarized in Figure 5. 

 For these experiments, the stimulation procedure involved the stimulation of two 

points.  A third of these experiments involved stimulating two co-columnar points in 

different layers: L23/L4, L23/L5, and L4/L5.  The rest involved stimulating two points in 

the same layer (L23, L4, and L5), with either a small or large horizontal distance 

between them.  This basic set of nine experiments was repeated three more times, with 

modification.  The first modification was to temporally space the stimuli by 100ms.  The 

second and third were to selectively deactivate parvalbumin (PV) and SS interneurons 

(respectively), which was accomplished by 1) modifying mice to express an insect-

derived allatostatin (Ast) receptor in one the cell type targeted for deactivation 2) spiking 

the ACSF with Ast.  As noted previously, studying SS interneurons was of interest due 

to their apparent role in horizontal inhibition; meanwhile, PV interneurons were of   
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Figure 4. The NMDA receptor antagonist CPP preferentially reduces peak activation of 
photostimulation-evoked VSD responses in a laminar-specific manner.  (Image, and parts of the 
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caption, reproduced from Olivas et al, 2012
8
.)  A1 and A2 are the averaged images across the initiation 

phase of VSD responses to photostimulation in layer 2/3 in normal ACSF and CPP, respectively.  A3 is 
the difference image between A1 and A2.  B1 and B2 are the averaged images across the peak phase of 
VSD responses to photostimulation in layer 2/3 in normal ACSF and CPP, respectively.  B3 is the 
difference image between B1 and B2.  C1 and C2 are the averaged images across the initiation phase of 
VSD responses to photostimulation in layer 4 in normal ACSF and CPP, respectively.  C3 is the 
difference image between C1 and C2.  D1 and D2 are the averaged images across the peak phase of 
VSD responses to photostimulation in layer 4 in normal ACSF and CPP, respectively.  D3 is the 
difference image between D1 and D2.  E and F show laminar distributions of image pixels in B3 and D3 at 
the peak phase, respectively. The x axis indicates the vertical location of image pixels from layer 2/3 to 
layer 6 (from the top to bottom of the image); the y axis denotes the number of row-wise summed pixels 
of the image.  G plots temporal onsets of VSD responses in control and CPP conditions.  H shows the 
size of VSD responses quantified by the average number of activated pixels across 10 frames in the 
initiation phase and across 10 frames in the peak phase, for both control and CPP-treated slices. Data 
are presented as mean ± SE. *P < 0.05. **P < 0.01. ***P < 0.001. 

 
interest because of their prevalence and apparent role in important neural functions 

such as gamma rhythms, perceptual noise reduction, and social processing11-13. 

 The general finding across all simultaneous two-point stimulations, as 

summarized in Figure 5, was a reduction of VSD-detected activity spread; as activity 

spread was extremely broad in bicuculline-bathed doubly-stimulated slices (data not 

shown or simulated), the activity reduction can be attributed to a large increase in the 

activation of inhibitory neurons.  An additional finding was that the time between laser 

stimulation and the firing of electrode-recorded interneurons was shortened during two-

location vs. one-location stimuli.  For experiments in which two co-laminar points were 

stimulated, all of these effects weakened with increased distance between the 

stimulated points.  For experiments in which the stimuli were temporally spaced, peak 

activation after the second was greater than peak activation brought about by 

simultaneous stimulation; this result suggests that temporally-spaced stimuli did not 

activate the inhibitory circuitry as much as did simultaneous stimuli.  Finally, for two-

layer stimulation experiments in which PV interneurons were inactivated, their 

inactivation resulted in a marked increase of VSD-detected activity spread.  Meanwhile, 

the deactivation of SS interneurons produced no noticeable effect.  Unfortunately, I was 
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never made aware of the results of same-layer two-point stimulation experiments in 

which PV interneurons were inactivated. 

 
Figure 5. Mutually inhibitory interactions between stimuli, with inhibition 

ameliorated by lateral or temporal distance. 
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CHAPTER 2: METHODS 

 My modeling objective was to replicate the data presented in the previous 

section.  I initially built (and published8) a model that replicated the results of all of the 

experiments that involved the stimulation of a single point.  This model is simple; it is 

composed solely of excitatory neural units.  Since this model was incapable of 

replicating the results of two-point stimulation experiments, I then built a second model 

composed of both excitatory and inhibitory units.  Since both models were inspired by 

and had the purpose of replicating the results of LGU-VSD experiments, they were both 

constructed with the following design considerations. 

     
Figure 6. Computational model of a V1 slice.  (Images reproduced from Olivas et al, 2012

8
.)  Left: the 

model consists of a 20 × 17 grid of compartments, with each compartment putatively corresponding to a 
40 μm × 40 μm region of a V1 slice.  The thicknesses of modeled cortical layers reflect their biological 
sizes relative to each other; compartment rows 1–4, 5–8, 9–14, and 15–20 correspond to layers 2/3, 4, 5, 
and 6, respectively.  The 20 rows span the whole cortical depth from layer 2/3 to layer 6, and the 17 
columns (680 μm) are wide enough to simulate column-wise responses.  Right: connections emanating 
from a layer 2/3 compartment, with layer-pair-specific connection weights (the layer-pair-specificity of the 
weights is indicated by the subscripts on the values of  ). 
 

 First, because the data is revelatory of neural activity at the scale of spatially-

specified neural populations, I decided that my modeling approach would be to spatially 

compartmentalize the thin V1 slices that I was simulating as a 2D grid, as shown in 
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Figure 6’s left panel (similar population-level neural modeling approaches, including one 

informed by VSD imaging data14, have previously been taken15-17).  Since simulation at 

any point can trigger a VSD response theoretically anywhere in the slice, it follows that 

intercompartmental connectivity is all-to-all.  Second, compartments were endowed with 

laminar-specific features: specifically, the connection strengths between compartments 

reflect layer identity and are informed by the quantification of interlaminar projection 

strengths in Table 1A.  Figure 6, a depiction of intercompartmental signaling, illustrates 

the grid, the full connectivity, and the layer-pair-specific connection weights.  Third, to 

better mimic random noise observed in experimental dye images, compartmental 

connection weights are modified by a multiplicative noise term.  Fourth, to reflect the 

spatial specificity of excitation (demonstrated by Figure 2A3), excitatory inputs to the 

slice system increased the activation of only the targeted compartment.  Fifth, to capture 

the fact that barely-activated neurons do not signal to other neurons, while the signaling 

of highly-activated neurons has a saturation point, the relationship between the 

activation of a compartment’s neural population and its signaling was modeled as a 

sigmoid.  Non-linearities similar to the sigmoid (e.g. Heaviside) have been used in other 

studies to relate population activation to population signaling18-20.  

The purpose of the excitation-inhibition model is to replicate one- vs. two-site 

stimulation results; the fundamental challenge of doing so is that two-point excitation 

seems to cause a greater increase of inhibition than of excitation.  Accordingly, while 

excitation was implemented as affecting only the laser-targeted compartment, inhibition 

was implemented with the following features.  First, so that overall activation would be 

less during two-site than during one-site stimulation, inhibition was implemented so that 
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multi-site stimulation would increase its strength supralinearly.  Cellularly, this is 

putatively due to certain cells receiving enough input from both laser stimulation sites 

together to induce their firing, while neither site’s individual input would have been 

sufficient to have that effect.  Granted, for an inhibitory cell to be affected by stimuli at 

two different sites, it must have a broad receptive field.  Fortunately for my model, this 

assumption is supported by the experimental finding that inhibition came on faster and 

stronger during two-site stimulation, and its anatomical plausibility is bolstered by 

previous observations of  inhibitory cell receptive field breadth exceeding that of 

excitatory cells21, .Figure 7 illustrates the model’s notion of a compartment’s inhibitory 

cell population being activated by laser stimulation targeted not just targeted at it but at 

a nearby compartment.  Second, while the strength of both excitation and inhibition 

decrease with lateral distance from the central stimulation sites, the disappearance of 

peripheral activity during two-site stimulation indicates that inhibition’s lateral reach is 

greater.  This assumption is also anatomically plausible; inhibition’s range of effect is 

known to be broader (and less specific) than that of excitation22,23.  Third, inhibition’s 

effect is implemented as affecting all lamina equally because in every instance of multi-

site stimulation, excitatory activity spread was decreased across all layers, with no 

perceptible bias towards the ones stimulated.  Fourth, because deactivating PV 

interneurons with Ast reduced the overall amount of inhibition in the slice, in silico 

inhibitory signal strength was scaled down during simulations of the PV interneuron 

deactivation condition. 
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Figure 7. Structure of model’s inhibitory circuitry.  The most important thing to notice is that laser 
input stimulates inhibitory cells not just at its immediate location, but nearby inhibitory populations as well.  
As such, excitatory compartments receive some amount of inhibition from everywhere in the slice, and 
inhibitory populations can be activated by multiple laser stimuli.  These two conditions are necessary for 
reproducing the experimentally observed supralinear increase in inhibition upon multi-site stimulation. 
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 Having introduced the excitation-inhibition model’s design principles and their 

translation into math (equations (1)-(7)), the terms in this model must now be defined.  
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Equation (1) governs the evolution of a compartment’s activation level: at time  ,     
( )

 is 

the activity level in compartment (   ) (compartment coordinates are denoted as 

(          )),      
( )

 (n>0) is the strength of excitatory signaling to other compartments 

(including     ) from compartment (   ), and     
( )

 is the strength of the inhibitory signal 

from the nth column.  The decay constant    corresponds to the repolarization rate.  

The parameter    modulates the strength of intercompartmental excitatory signaling, 

while    modulates the strength of inhibitory signaling.  The connection strength noise 

term,     
   

, is a multiplier drawn from a triangular distribution spanning from 0 to 2 and 

centered about 1.  This triangular distribution is used for computational convenience; a 

distribution that shares its qualities of being symmetric, always positive, and providing 

just the right amount of noise that probably could have been used instead is the 

Gaussian N(1,.5), truncated at 0 and 2 and then normalized.  Finally, as reflected by the 

 
 

|   |

  ( )  ( ) and  
 
|   |

   terms, the signaling strengths of both excitation and inhibition, from 

one column to another, decrease with columnar distance between them. 

 In the expression  
 

|   |

  ( )  ( ), the expression  ( ) denotes the layer membership 

of row  ; for example,  ( )     .  Thus, the   ( )  ( ) values for each layer pair are 

aforementioned the layer-pair-specific compartmental connection strengths.  As such, 

they are derived from the quantification of interlaminar activity spread—as follows.  

First, for each layer pair, the activated pixel numbers in Table 1A are converted to the 

values in   (“weight”) according to   ( )  ( )  
    

 
, where   and    are the mean and 

standard error, respectively, of the strength (in pixels) of layer  's activation of layer  , 
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and   is a conversion factor representing the ratio of the total number of pixels in VSD 

images to the number of compartments in the model. It was found empirically that 

increasing   from     to the value given above, together with the noise term     
   

, 

enabled the replication of experimentally observed patchy off-column activation (Figure 

2B, page 4).  Conceptually, this conversion of activated pixels to interlaminar connection 

strengths makes sense: the more pixels activated experimentally, the higher   ( )  ( ), 

which leads to less decrease of  
 

|   |

  ( )  ( ) with columnar distance and thus to activation 

of a broader area in  ( ) by  ( ). 

Laser stimulation is “aimed” at a single compartment with coordinates (   ) and 

during bi-layer stimulation at a second site with coordinates (   ).  In equations (2) and 

(5),     and      represent the strength of the laser stimulus to a compartment’s 

excitatory and inhibitory neurons, respectively.  In both,   is the initial input strength due 

to the laser-uncaged glutamate.      and      are both modeled as a decaying 

exponential (with time constant   ) approximating activation by laser photostimulation. 

 The modeling of inhibition is mostly similar to that of excitation—with two 

important caveats.  First, because experimentally observed instances of supralinear 

inhibition appear to affect all layers heavily, we model inhibition sources as affecting all 

layers equally.  Hence, equation (3) and the     
( )

 term in equation (1), which together 

indicate that the effect of a compartment’s inhibitory influence is layer-agnostic.  

Second, laser stimulation, rather than activating only the targeted inhibitory population, 

affects them all—albeit with the effect decreasing with distance from the site of 

stimulation.  Specifically, the decay constants of the laser’s effect across horizontal and 

vertical space are    and   , respectively.  This breadth of response to laser input 
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described in equation (5), together with the sigmoid signaling profile of inhibitory 

populations described by equation (7), is what makes inhibition’s strength increase 

supralinearly in response to multi-site input.  Third, note that the lateral distance 

constant of inhibitory effect decay,   , is chosen to be greater than any of the   ( )  ( ) 

values, due to inhibition’s lateral extent being greater than excitation’s. 

 The sigmoid form of equation (6) also reflects that the relationship between a 

neuron population’s activation level and its signaling to other populations is nonlinear. 

At every  , for all        (loop through rows) &        (loop through columns), 
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 The excitation-only model, represented by equations (8)-(11), exhibits several 

differences from the first.  First, instead of inhibition being represented explicitly, we 

model compartmental activity as negatively feeding back onto itself, putatively 

representing a combination of self-inhibition (      ) and spontaneous activity decay due 

to repolarization (    ).  As such,               , and removal of cortical inhibition in 

the presence of GABAa receptor antagonists, is implemented as the removal of       .  

Second, to implement NMDA receptor activity, a fraction of a compartment's excitatory 

input is voltage-sensitive in the control condition and absent during simulation with 
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NMDA receptor blocking (i.e., the CPP application).  Figure 8 (right panel) and equation 

(11) describe the scaling of input to a compartment according to whether or not the 

NMDA current is activated. Under normal conditions (11a), this activation is voltage-

dependent; in simulations of CPP application, there is no NMDA current (11b). Because 

blocking NMDA conductance affects whether cells become sufficiently activated to be 

visualized, we reason that the NMDA current's voltage threshold is slightly lower than 

the dye image detection threshold ( , discussed further below).   ( )    is a layer-

specific constant, with the lower value of     reflecting a greater sensitivity to NMDA 

current block (as suggested by the delayed onset of activity spread in the presence of 

CPP).  Third, interlaminar projections vary with respect to whether their weight is 

spatially focused, or somewhat more broad and diffuse.  As such, the first model’s 

 
 

|   |

  ( )  ( ) becomes  
 
|   |   ( )  ( )

  ( )  ( )    ( )  ( ), with projection breadth captured by the 

values in matrix S, which equal 1 unless experimental results suggest otherwise, and for 

which lower values correspond to a broader and shallower projection that ultimately 

preserves total interlaminar projection weight (equal to ∫  
 
|   |   ( )  ( )

  ( )  ( )    ( )  ( ) |  
 

 

 |.  For example, setting                   is consistent with our experimental findings 

of L23→L4 connectivity being denser than the reverse, and in silico is shown to account 

for the large diminishment of L4→L23 activation in the absence of NMDA current 

enhancement. 

The system (1)-(7) was solved by discretization with      ,      ,        (a 

simulation timestep putatively corresponds to 1ms of a slice’s response),    ,     , 

      ,      , and                                   , respectively.  During 
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modeling of Ast deactivation of PV interneuron firing,    is halved.  The system (8)-(11) 

was solved by discretization with        (a simulation timestep putatively corresponds 

to 1 ms of a slice's response),      and                  , respectively.  During 

modeling of bicuculine-treated slices,       . While                 ,        , 

reflecting varying laminar concentration of NMDARs (Aoki et al., 1994).  In both models, 

     .  When stimulation was applied to the central column, coordinate   (or  ) 

equaled 9; for simulations of closely- and distantly-spaced same layer stimuli, (   )  

(    ) and (   )  (    ), respectively.  Meanwhile, stimuli were applied to the central 

row of each layer; i.e.   and   equaled 3, 6, 11, and 17 for layers L23, L4, L5, and L6, 

respectively. 

     
Figure 8. NMDAR current multiplicatively enhances intercompartmental signaling.  Left: 
compartmental connections (reprised from Figure 6).  Right: NMDA-mediated voltage-dependence of 
compartmental responsiveness to input. 
 

 Parameter values were approximately optimized with the objective function being 

the simulation’s production of images similar to experimental data.  For some 

parameters, the phenomenological connection between their value and experimental 

observations is readily apparent.  For example, if the size of the laser signal’s decay 
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constant (  ) were very small, then the laser’s effect on its target would decay away 

immediately.  The targeted compartment, then, would either fail to signal to other 

compartments if its input were too weak, or broadcast activity immediately if sufficiently 

stimulated.  In reality, activity was broadcasted after a short delay, and setting       

made that result replicable. 

Finally, in both models, compartmental excitatory activation levels are converted 

to simulated dye images as described by (12), where     
( )

 represents the strength of 

VSD signal (color coded),   is the threshold for signal detection, and    is the threshold 

for signal saturation.  The function chosen in (12) is phenomenologically reflective of 

VSD’s voltage dependence. The threshold   is set at the average compartmental 

activation level across the pooled peak phase frames from stimulation of L23, L4, and 

L5 (note: the average is appreciably above the median due to some compartments 

being very activated and most activated only slightly).  After signal strengths are 

determined, we assigned to each compartment a 3x3 pixel square, and smoothed the 

signal (by a Gaussian filter; σ: 1x1 pixels, filter support 5x5 pixels) to reduce the 

salience of edges in our simulation output—sharp edges would be an artifact of our 

compartmental simulation method. 
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{
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 (12). 

 
All model-related work was performed using Matlab (Mathworks; Natick, MA). 
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CHAPTER 3: RESULTS 

 The excitation-only model successfully reproduced all of the results obtained 

from single-point stimulation experiments.  This is generally evident from visualizations 

of the peak-phase output of simulated control (Figure 9C),NMDAR-blocked (Figure 9D), 

and GABA-blocked (Figure 9E) slices.  In simulations of GABA-blocked slices, the late 

phase exhibited a dramatic increase in activity that deviated from the control condition’s 

decay thereof (Figure 9F), just as was observed in experiments (Figure 3, page 5).  The 

model also reflected the mild effect of CPP on the early phase of the slice stimulation 

response, corroborating our image data and supporting the notion that this is due to the 

NMDAR activity being gated by voltage-sensitive thresholds. As seen in Figure 9G, the 

trajectories of overall system activity, with and without NMDA receptor activation, are 

indeed similar in the early time period (<30 ms), but in the later time period (40–65 ms), 

voltage-dependent activation of NMDA current is sufficient to cause overall system 

activity to continue rising higher than in the condition without NMDA receptor activation 

(as was the case experimentally; Figure 4H).  Notably, an attempt was made (data not 

shown) to replicate CPP’s strong effect on L4L23 transmission by increasing L23’s 

overall sensitivity to NMDA transmission (rather than by making this particular 

feedforward projection broader than shallower); this model resulted in an initial-phase 

activity reduction that deviated from experimental observation.  However, such an initial-

phase activity reduction, taking the form of delayed activity spread, is exactly what was 

observed in the slice’s response to L5 stimulation (Figure 4G, page 10)!  Thus, we can 

surmise that the NMDA-independent component of transmission within L5 is weaker 
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than in other layers, and is therefore slow to produce the initial traces of activity 

spread—especially without a boost from NMDA current. 

 
Figure 9. A V1 slice's response to laser photostimulation, according to the excitation-only model.  
(Images and caption reproduced from Olivas et al, 2012

8
.)  C shows the simulated slice's peak activation 

spread (~70 ms) in response to stimulation of L23, L4, L5, and L6, respectively.  D shows the late stage 
(~150 ms) of slice activation profiles with inhibition blocked. E Is same as C, except in the absence of 
NMDA conductance.  F and G show how the temporal evolution of overall system activity produced by 
layer 4 stimulation is affected by loss of cortical inhibition and NMDA receptor blocking, respectively, 
relative to control. 
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Figure 10. Single-cell input maps.  For each square, the reported voltage (expressed in mv) is the 
average value taken from across all recorded cells.  For L2/3, L4, and L5, the number of cells whose 
excitatory/inhibitory inputs were mapped is 14/10 15/14, 21/20. 

 
 When the excitation-only model was published8, all of its features corresponded 

to known features of slice anatomy, save for the one that was inferred from slice 

dynamics: the breadth/depth variability amongst the slice’s various interlaminar 

connection pathways.  Because it was inferred from data, it would be appropriate to 

think of this model feature as a model prediction.  Recently, experiments were done that 

constituted the first tests of this prediction.  Specifically, excitatory and inhibitory inputs 

to excitatory cells were mapped as follows.  First, a slice would be bathed in a solution 

with molecularly-caged glutamate.  Second, a cell would be voltage-clamped at -65mv 

(0mv), so that only excitatory (inhibitory) inputs would be detected.  Third, laser 

stimulation would be applied in a 16x16 grid surrounding the cell, and the cell’s voltage 

deflections would be recorded.  It was generally found (and is illustrated in Figure 10) 

that for layer 2/3, the strength of the incoming excitatory projections were numerous, but 

in proportion to the incoming inhibitory projections, weaker than for other layers.  

Intuitively, this account of V1 interlaminar connectivity still explains the experimental 
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findings: in the presence of bicuculline, all of the usually-suppressed weak connections 

would suddenly produce a VSD-detectable response, while in the presence of CPP, 

inhibition would suppress the excitation to layer 2/3 and make it too weak to overcome 

the visualization threshold without a boost from NMDAR currents.  Ultimately, my 

model’s assumption that “excitation of layer 2/3 is plentiful but weak” is as close as one 

could get to reality’s suggestion that “excitation of layer 2/3 is plentiful but weak in 

comparison to inhibition” without actually having modeled inhibition. 

 Finally, the behavior of the excitation-inhibition model was also consistent with 

our experimental observations.  First, it successfully reproduced the activity spreads 

produced by single-layer stimulation (Figure 11A; Figure 12, first row), two-layer 

stimulation (Figure 11B), and closely-spaced co-laminar stimuli (Figure 12, second row).  

Second, when the second of two stimuli was delivered with a 100ms delay, the evoked 

activity spread was greater (Figure 11C; Figure 12, third row).  This can putatively be 

attributed to the inhibitory impulse from the first laser input having decayed away, and 

therefore no longer interacting supralinearly with the second.  At the cellular level, 

inhibitory cells repolarized during the 100ms window are no longer driven above 

threshold by the second input.  Finally, the model replicated the results of both PV cell 

deactivation by Ast (Figure 11D) and broadly-spaced co-laminar stimuli (Figure 12, 

fourth row). 
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Figure 11. Computational model of a V1 slice’s response to laser photostimulation of two lamina 
concurrently.  A shows the simulated slice’s peak activation spread (~80ms) in response to stimulation 
of L23, L4, and L5.  B shows the peak activation spreads produced by the concurrent stimulation of two 
layers: L23/L4, L23/L5, and L4/L5.  C shows, for the same layer pairs as in B, the peak activation spreads 
produced after the stimulation of the lower layer, which is stimulated 100ms after the first.  D is same as 
B, except with strength of inhibition scaled down by half, to simulate the effects of deactivating Pv 
interneurons. 
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Figure 12. Computational model of a V1 slice’s response to laser photostimulation at multiple 
horizontally-spaced points within a layer.  The three columns, from left to right, illustrate the simulated 
slice’s peak activation spread (~80ms) in response to stimulation of L23, L4, and L5, respectively.  The 
images of the topmost panels show the activation observed upon stimulating these lamina at one 
location.  The second vs. fourth rows show the results of stimulating two co-laminar points that are 
relatively close vs. far from each other.  Finally, the third row shows the peak activation spread produced 
by the left-slice stimulus in the case when it is delivered 100ms after the right-slice stimulus. 
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CHAPTER 4: DISCUSSION 

 The modeling exercises performed here successfully replicated many observed 

behaviors of LGU-activated slices from V1.  Moreover, the model assumptions made in 

order to replicate these results were mostly biologically plausible: in particular, 

nonlinearity of the signaling-vs-activation relationship of compartmental neuronal 

populations, broad inhibitory receptive fields that supralinearly integrate spatially 

separate laser inputs, and the voltage dependence of NMDA transmission.  Excitingly, 

the model-aided synthesis of experimental findings leads to a fresh biological insight 

supported by multiple lines of evidence.  Specifically: both the presence of inhibition 

(Figure 3J, page 5) and absence of NMDA current enhancement (Figure 4D3, page 8) 

have a stronger effect on L4L23 transmission than on any other layer-pair 

transmission pathway, which suggests that only the L4L23 pathway had a large 

number of connections weak enough to be suppressed by these effects, which suggests 

that L4L23 excitatory projections are numerous and, at least relative to the inhibitory 

connections existing in parallel, weak. 

 Of the questions raised at the beginning of this thesis, the one on which the most 

progress can be claimed is that of interregional and interspecies quantitative 

comparisons of excitatory projects.  This is because the methods leading to the 

production of Figure 2 (including the deactivation of inhibition so as to better visualize 

early-stage excitation spread) are readily applicable to brain slices of other areas and 

other species—and, the prospect of translating these quantitations into a model such as 

the one presented here is promising.  Another front on which progress can be claimed is 

that of the laminar specificity of the role of NMDAR transmission.  From our findings, we 
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can conclude quite confidently that the time course of NMDA’s signal-boosting effects is 

at the very least different in L4 and L5 vs. L23.  Knowing that they are meaningfully 

different sparks my interest in quantifying layer-pair-specific NMDAR-blocked activity 

spread sizes.  Furthermore, from having witnessed interesting nonlinear interactions 

between NMDAR and inhibitory transmission, I also deem it worthwhile to obtain early-

phase maps of activity spread when both types of transmission are blocked. Having all 

of these data could enable a transition, with regard to the NMDA current multiplier 

values of equation (11), from educated guessing to actual computational derivation. 

 Finally: I have little confidence in the biological accuracy of my model’s 

assumption of the lack of laminar specificity of the effect of inhibitory neurons.  I was 

able to get away with this assumption while working to replicate the existing data, and 

so have no reason to model inhibition differently, because anything I did would have 

zero experimental results motivating it.  I suspect that if I had data from the stimulation 

of multiple points, positioned in neither the same layer nor column, I would be informed 

as to how these more-separated neuron populations interact, and then be informed as 

to the direction in which to take the model.  In this respect, then, my modeling efforts are 

at least useful for crystallizing what is still unknown.  I similarly suspect that if this 

expanded set of experiments were repeated with cell-type-specific interneuron 

deactivation, the outcome would probably be a results-justifiable model that counts 

multiple inhibitory populations per compartment, each corresponding to a specific cell 

type (including an “other” category), as amongst its features. 

In conclusion, my modeling work served the purposes of validating intuitions (e.g. those 

captured by the compartmental model's various nonlinearities), clarifying mechaninsms 
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responsible for observations (e.g. why NMDA blocking more strongly affects peak vs. 

initial activation), and illuminating near-term research directions that would be 

particularly productive. 
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