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Introduction.  My research program is focused on developing quantitative and mathematical 
methods to analyze data and model biological phenomena.  My work can be divided into five main 
areas.  I will summarize, recent, current and future work for each of the areas. 
 
Recent, Current and Future Work.   
Neural network dynamics: Even with the rapid increase in computing power, a realistic simulation 
of a fully functioning human brain performing nontrivial tasks is remote.  While it is plausible that 
a network the size of the human brain could be simulated in real time, a systematic exploration of 
parameter space is intractable.  Technology to experimentally determine all the parameters in a 
single brain simultaneously does not exist and any attempt to infer parameters by fitting to data 
would require exponentially more computing power than a single simulation. It is not clear if we 
even know all the important biochemical and biophysical mechanisms to put into a simulation.  
Hence, there will always remain a need for mathematical explorations of neural network dynamics. 
Generally, such approaches consider either abstract mean field models or small networks of more 
biophysical spiking neurons.  Mean field models have the advantage of analytic tractability but 
their connection to the underlying physiology is ambiguous.  Spiking neurons have been well 
studied mathematically but it is not always clear how results would scale to realistic sizes and 
architectures.  It would thus be useful to develop systematic methods to reduce large but finite 
spiking networks into a more tractable form.  An example would be to formally derive the mean 
field equations and corrections beyond mean field theory from a network of spiking neurons.  
 I have been pursuing such a program for the last several years.  My early work focused on 
the Kuramoto model, which is the weak coupling limit of a network of interacting neurons with 
synchronizing synaptic interactions.  The system exhibits a transition from asynchrony to 
synchrony for sufficiently strong coupling. This transition had previously been analyzed in the 
infinite network size limit (mean field limit), where fluctuations are suppressed and the 
asynchronous state is marginally stable.  It was an open question as to whether asynchrony was 
stable for a finite-sized system.  We first developed a kinetic theory for the system borrowing 
methods from plasma physics. We formally derived the flux balance equation for the neuron 
density of a finite number of oscillators.  The equation is not well defined (exists only in the weak 
sense) because the density is not differentiable but meaningful results are obtained by averaging 
over initial conditions resulting in a moment hierarchy of equations where the equation for the first 
moment depends on the second moment and so forth.  By truncating the hierarchy, we were able to 
calculate the variance of the order parameter due to finite size effects to first order in the inverse 
system size [1]. However, computations using the moment equations were unwieldy.  To simplify 
calculations, Michael Buice and I used a path integral to represent the probability density 
functional of the neuron density.  This formalism allowed us to use field theoretic perturbation 
theory to show that the asynchronous state is stable to first order in the inverse system size [2] and 
that the pair-wise interactions between oscillators in a fully deterministic system mimicked a 
stochastic forcing. In a follow up study, we formally derived an effective stochastic equation for a 
single oscillator embedded in a network by marginalizing over all the unknown degrees of freedom 
represented by the other oscillators in the network [3]. This method could possibly be used to infer 
network dynamics based on the behavior of a single neuron embedded in that network.  Recently, 
Buice and I applied our formalism to a more biophysical synaptically coupled network of 
simplified spiking neurons (i.e. theta neurons) [4].  The addition of the synapse added a new degree 
of freedom, which complicated the calculations.  We were able to calculate the covariance 
functions of the firing rate and synaptic variables.   
 Previous work by Buice and Jack Cowan (U. Chicago) had found that the classic Wilson-
Cowan rate equations were consistent with a Markov process for two-state stochastic neurons [5].   
Buice, Cowan and I then derived a set of moment equations for this system using field theory 
methods  as well as directly from the Markov system [6,7].  The result was a closed, self-consistent 
set of augmented Wilson-Cowan equations that includes correlations.  We were also able to 



determine what closure conditions to use for the hierarchy, which were not clear when using a 
direct derivation from the Markov process.  We are now applying the formalism to derive such 
effective activity equations for a synaptically coupled spiking network that includes the finite-size 
effects. 
 Presently, we have derived effective activity equations for a network of all-to-all coupled 
neurons.  I plan to generalize this to heterogeneous connections and explore the properties of these 
equations.  One example is to use the equations to study correlation-based learning.  In neural 
network theory, the back-propagation algorithm for updating synaptic weights has been shown to 
allow a network to learn any functional relationship between inputs and outputs, including what are 
called linearly inseparable problems such as exclusive or (XOR) (10).   However, the algorithm, 
while useful as a machine-learning tool, is not physiologically plausible.  I plan to explore the 
properties of generalized activity equations for rate and correlations under supervised, 
unsupervised, and reinforcement learning conditions.  In particular I would like to discover what 
types of biophysically plausible learning rules can be found to solve linearly inseparable problems. 
I would like to apply the formalism I have been developing to the analysis of fMRI data.  Karl 
Friston’s group has developed a scheme called Dynamic Causal Modeling, which uses a rate 
equation to represent fMRI data [8]. I hope to extend this scheme using my generalized activity 
equations and the density functional approach to see if more information can be obtained from 
fMRI data. 
 
 
Cortical circuit dynamics and the biophysical basis for cognitive disorders:  
 Binocular rivalry is a phenomenon wherein each eye is presented with a different image 
and the perception shifts between the images. Previous work has shown that a simple cortical 
circuit model with mutual inhibition can reproduce many of the phenomena associated with 
binocular rivalry [9]. One of the successes is the explanation of Levelt’s 2nd proposition where the 
change in contrast in one eye more strongly influences the dominance time in the other eye. 
However, John Rinzel, Nava Rubin, and colleagues pointed out that mutual inhibition models have 
the defect that Levelt’s 4th proposition is not always obeyed [10,11].  Fellow Jeffrey Seely and I 
then proposed a number of possible biophysically plausible additions to the mutual inhibition 
model to resolve this issue [12]. Each of the proposed additions makes different predictions that 
can be tested experimentally. 
 Cognitive disorders such as autism and schizophrenia do not have simple and effective 
treatments. Much progress in the understanding of such disorders has been made at the microscopic 
and genetic level through genomic analyses, at the neuron and synaptic level through 
electrophysiology on animal models, and at the large-scale brain level through imaging such as 
fMRI, PET and MEG. However, it is not at all clear how to connect these disparate scales. My 
lab’s approach is to study how microscopic perturbations at the synaptic and ion channel level may 
affect the neural dynamics at the mesoscopic local cortical circuit level, which can then be 
extrapolated to simple behavioral phenotypes associated with the disorders. We have recently 
applied this approach to Autism spectrum disorders (ASD), which are associated with multiple 
genes and likely involve a large number of neural systems at multiple levels both functionally and 
anatomically . Fellow Shashaank Vattikuti and I studied how defects of synaptic transmission and 
microanatomy may impact the dynamics of a previously validated computational local cortical 
circuit model for visual memory guided saccade tasks in prefrontal and parietal cortex [13].   The 
circuit model consists of a network of neurons with recurrent excitation and lateral inhibition.  The 
model exhibited an undershoot (hypometria) in saccade performance when synaptic balance is 
perturbed that is consistent with experimental data on ASD and control subjects.  Our hypothesis, 
based on the model, is that genetic perturbations that lead to excessive persistent neural activity at 
the local cortical circuit level can then lead to ASD symptoms.  Currently, fellow Phyllis 
Thangaraj, Vattikuti, and I have been studying how molecular perturbations affect the dynamics of 
what is known as the quartet illusion, where four blinking dots lead to alternating apparent motions. 



We are testing our hypotheses experimentally in controls and ASD subjects in collaboration with 
Alex Martin (NIMH). 
 We thus far have generated some hypotheses about the biophysical mechanisms of ASD by 
studying the effect of molecular level perturbations on the local canonical cortical circuit.  My 
future plan is to map out the dynamics of the cortical circuit model more completely theoretically 
and relate the outcomes to other neural disorders. For example, the relative abundances of the 
synaptic channels GABA, NMDA, and AMPA may lead to different behaviors of the local cortical 
circuit that would result in different quantitative predictions for the performance of certain simple 
cognitive tasks like memory guided saccades and rivalry. Our long term goal is to develop a battery 
of psychophysical tests to quantify cognitive disorders in terms of cortical circuit perturbations.  
The performance on these tasks may then provide a means for relating various neural disorders 
more directly to genetic perturbations and perhaps even lead to a new biophysical classification 
scheme for disorders. 
  
 Models of gene expression: The dose-response curve of steroid-mediated gene expression is 
experimentally observed to obey classic Michaelis-Menton (MM) kinetics (first order Hill 
equation) even though there are many intervening steps between steroid-receptor binding and 
translation into the gene product [14,15].  Additionally, there exist cofactors and reagents acting 
after steroid-receptor binding that can shift the half-activation point (EC50) and the maximum 
expression level (Amax).  This cannot be accounted for in the classical explanation of steroid-
receptor binding as the rate-limiting step.  A systematic understanding of what controls the shape 
of the dose-response curve has both biological and clinical importance. In collaboration with 
Stoney Simons (NIDDK), I previously showed in principle that MM kinetics could be preserved in 
a sequence of reactions provided that either the end products of each step have small concentrations 
and/or the reactants involved at each state bind transiently  [16].  However, the theory could not 
make quantitative predictions nor account for repressive or inhibitory cofactors.  Fellow Karen Ong 
and I subsequently developed a general theory to calculate the amount of gene expressed under any 
combination of steroid and cofactors, including inhibitory cofactors, for an arbitrary number of 
steps of reactions between steroid-receptor binding and protein translation [17]. We showed that 
preserving MM form implies that steps before and after a given step can be “telescoped” into 
effective parameters, thereby permitting closed-form solutions that can reproduce experimental 
data from Simons’s lab.  The model gives predictions for the mechanisms of various cofactors, 
which we have validated experimentally [18-20]. Steroids have also been shown to repress genes in 
kinetic first order manner [21] and I am currently developing a theory of gene repression.  The 
theory can explain previous data that a given cofactor can both enhance induction and repression, 
while acting in the same way locally.  
 My current theory assumes that the system is in a steady state and obeys mass action, which 
is appropriate for the averaged bulk results from the in vitro experiments I am modeling.  However, 
it is known that steroid binding to DNA is stochastic [22,23].  I have thus begun a collaboration 
with Dan Larson (NCI), who does single live cell imaging, to understand the dynamics of gene 
transcription at a single gene. Currently, fellow Antoine Coulon and I are modeling experiments 
with reporters spliced into an intron and an exon in a single gene.  By analyzing the cross-
correlation functions between the reporters, we can demonstrate that mRNA splicing and 
transcription termination can occur independently, which implies that splicing can occur while 
mRNA is still attached to DNA and does not need to wait for some checkpoint to be passed.  My 
future goal is to connect the single cell experiments to the bulk dose response curves. 
 
Human metabolism: Understanding the dynamics of weight change has important consequences for 
conditions such as obesity, metabolic syndrome and diabetes. Kevin Hall (NIDDK) and I have 
developed validated reduced models of human metabolism [24,25]. We have used our model to 
show that the increase in the US food supply over the past three decades is more than sufficient to 
explain the obesity epidemic [26].  Our model has also shown that on a given diet, body weight 
will plateau to a new steady state weight with a time constant of about a year and that the “3500 



calories is a pound rule”, advocated by the NIH and used for policy decisions as well as in 
countless diet books, vastly overestimates the rate of weight loss [27]. By inverting the model, we 
can estimate food intake from changes in body weight, a notoriously difficult thing to do 
experimentally in humans [28].  We have recently generalized the model to account for growth in 
children and showed that it actually takes much larger increases in caloric intake for obesity to 
arise in children.  The model also resolves the long-standing paradox in the nutrition field of why 
food intake can fluctuate greatly with little effect on body weight [29].  I am currently preparing a 
manuscript that explicitly computes the body weight variance given the food intake variance. This 
paper shows why precise intake control is not necessary for stable body weight, as has been 
presumed by the nutrition field. I have also recently developed an iPhone app implementing the 
model for use by the general public.  In the near future, I plan to see if an increase in food supply is 
a ubiquitous explanation for the obesity epidemic globally.  Kevin Hall is currently planning 
intensive experiments to test if high carbohydrate diets lead to weight gain without an increase of 
calories. I plan to help analyze and model this data as it arises. 
 
Population Genetics: The next step after the completion of the human genome project was to use 
the data to search for genes implicated in diseases.  The HapMap project catalogued the single 
nucleotide polymorphisms (SNPs) of which there are about 10 million common ones.  This 
prompted the Genome Wide Association Study (GWAS), which sampled a subset of these common 
SNPs for associations with various phenotypes. The diseases studied were known to have a genetic 
basis because of correlations between family members.  These classical methods can determine the 
heritability of a phenotype, which specifies how much of the variance between people can be 
attributed to genetic factors. The conventional wisdom at that time was that common diseases such 
as diabetes and autism would be due to a few common variants.  However, by 2009 GWAS results 
found that except for the case of macular degeneration, SNP variants were unable to account for 
most of the known heritability and this became known as the missing heritability paradox [30]. 
Given that I was interested in understanding the genetic and molecular basis of common conditions 
such as obesity and autism, understanding this discrepancy was important to my program. I 
hypothesized that there only seemed to be missing heritability because common diseases were the 
result of many variants of small effect that did not reach significance with the GWAS population 
sizes. I then proceeded to secure publicly available data to test this hypothesis. My fellow 
Shashaank Vattikuti and I then adapted a recently developed mixed linear model approach [31] to 
estimate the heritability directly from the GWAS data [32]. We found that for traits associated with 
metabolic syndrome such as body mass index, the genome could account for as much as 50% of 
the known heritability.  We also computed the genetic correlations between various traits and found 
that genetic correlations were proportional to phenotypic correlations.  Fellow James Lee and I 
recently revisited Fisher’s formulation of the average effect, which is the basis of heritability we 
had measured above, and clarified a decades long puzzle as to why the two definitions of average 
effect do not always coincide [33]. In the future, I plan to continue to analyze GWAS data for other 
traits such as cognitive disorders and in particular assess the genetic correlation between disorders.  
I also aim to develop new methods for locating causal variants by using ideas from the statistical 
field of compressed sensing. 
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