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Reconstruction of Neural Network Topology Using Spike Train Data:
Small-World Features of Hippocampal Network*

Qi She, Winnie. K.Y So, Rosa H. M. Chan

Abstract— As the amount of experimental data made publicly
accessible has gradually increased in recent years, it is now
possible to reconsider many of the longstanding questions in
neuroscience. In this paper, we present an efficient frame-
work for reconstructing the functional connectivity from the
spike train data curated from the Collaborative Research in
Computational Neuroscience (CRCNS) program. We used a
modified generalized linear model (GLM) framework with L1
norm penalty to investigate 10 datasets. These datasets contain
spike train data collected from the hippocampal region of rats
performing various tasks. Analysis of the reconstructed network
showed that the neural network in the hippocampal region of
well-trained rats demonstrated significant small-world features.

I. INTRODUCTION

Developing mathematical models to describe how the
mammalian nervous system functions is important to neuro-
science, to medicine, and to engineering. However, bridges
between existing statistical studies of behaviors and large-
scale mechanistic modeling initiatives have yet to be devel-
oped. The approach used in the present study is to begin with
deriving data-driven input-output model and the correspond-
ing network topology of brain sub-region from electrophys-
iological data, before looking into behavior. A number of
high quality electrophysiological recording databases, such
as Collaborative Research in Computational Neuroscience
(CRCNS) program, have been made publicly accessible
for computational neuroscience research. Yet, there do not
seem to be comparative studies which investigate the neural
dynamics and network topology in different parts of the
nervous system by studying the recordings published in these
databases using a general modeling framework.

Some network properties of the brain have been eluci-
dated through the analysis of non-invasive neural recordings
in terms of structural connectivity, functional connectivity,
and/or effective connectivity [1] [2]. Granger Causality (GC)
and Dynamical Causal Modeling (DCM) method have been
previously applied to estimate functional connectivity and
effective connectivity respectively [3]. Eigen-decomposition
method, seed voxel correlation analysis and independent
component analysis (ICA) were applied to identify functional
connectivity based on the statistical dependencies among
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multiple time series data. Effective connectivity, combin-
ing structural information and functional properties, can be
addressed by structural equation modeling (SEM), psycho-
physiological interactions (PPIs) from functional magnetic
resonance imaging (fMRI) data [4]. While fMRI and other
non-invasive imaging methods are designed to increase our
understanding of neural circuits, both the actual data and
spatial-temporal resolution obtained from these technologies,
cannot yet provide the insight required. To overcome these
limitations, this study will make use of single unit record-
ings from multiple electrodes to investigate the local neural
circuits during behavior.

This paper presents one of the first comparative studies
of the functional network topology, analyzing the spike train
datasets collected from rats performing various tasks. The
study focuses on hippocampus, a crucial brain region for
learning and memory [5]. The network graph was constructed
in two steps. First, we characterized the local neural circuits
from multiple time series spike trains using generalized linear
models (GLMs) with regularization terms, instead of merely
pairwise measures [6]. System dynamics were captured by
the kernels reconstructed from the weighted sum of basis
functions. Such basis expansion of kernel technique also re-
duced the number of parameters to be estimated significantly.
Second, after the graph of the connectivity is estimated,
we can analyze its structural properties using graph theory.
The resulting graph of the hippocampal region demonstrated
small-world properties. Well-trained rats showed more sig-
nificant small-world features than others who were less
familiar with the task. This efficient framework allows us to
identify the properties of neuronal connectivity and the whole
network on the level of individual neurons, and to develop
some important theories/models to give a precise prediction
on the patterns (network properties) of neural network based
on spike train data.

II. METHODOLOGY

A. Experimental Data

The hippocampus datasets, curated from CRCNS [5],
contain multiunit recordings from the hippocampal regions
of rats conducting different behavioral tasks. The data was
obtained from 11 rats through 442 recording sessions. In each
section, the animal finished one of 14 behavioral tasks. The
original number of recording neurons in our study are 25,
25, 25, 20, 85, 87, 75, 124, 75 and 105 from top to bottom
in Table I. The neurons shown in this table is the size of final
reconstructed network we get. The neurons with firing rates
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less than 0.5 Hz and isolated in final reconstructed network
are left out.

B. Generalized Linear Model

Spike trains can be viewed as point processes [7]. The
conditional intensity function λ

(
t|H(t)

)
based on the firing

probability in the past can generate an instantaneous firing
rate, which can be explained as

λ
(
t|H(t)

)
= lim

∆→0

Pr
[
N(t +∆)−N(t) = 1|H(t)

]
∆

, (1)

where N(t) denotes the number of events occurred inside
the time interval [0, t] [8]. We take each neuron’s spiking
activity as output, and spike trains from all the other neurons
as input to establish GLMs. The coefficients estimated can
be regarded as coupling strength between output neuron and
input neurons. We can estimate the coefficients using GLMs
as

f
(
λi(t)

)
= k0 +

N

∑
n=1

M

∑
τ=0

k(n)(τ)xn(t− τ), (2)

where k0 is a scalar zeroth-order kernel function, k(n) are
first-order kernel functions describing the relationship be-
tween the output neuron i’s spike probability λi(t) and the
n-th input xn(t). Without loss of generality, first-order model
will be first covered as demonstration in this section. f (�) is
a known link function. Since the firing rate of neuron i obeys
a Gaussian distribution, the equation (2) can be written as

λi(t) = 0.5−0.5× er f
[
− k0−

N

∑
n=1

M

∑
τ=0

k(n)(τ)xn(t− τ)
]
. (3)

C. Global Basis Function

As shown in equation (2), the number of parameters to
estimate is N×(M+1)+1. Thus, if we take longer memory
of the neuron into consideration, which means M is larger,
too many parameters need to be estimated. A common
method to reduce the number of model coefficients is the
functional expansion technique, we can first decompose the
kernel functions k(n)(τ) into

k(n)(τ)≈
J

∑
j=1

c(n)( j)b j(τ), (4)

where τ ∈ [0,M], taking equation (4) into (2), we finally get

f
(
λi(t)

)
= c0 +

N

∑
n=1

J

∑
j=1

c(n)( j)v(n)j (t), (5)

where v(n)j (t) is the convolution of the j-th basis function
and n-th input:

v(n)j (t) =
M

∑
τ=0

b j(τ)xn(t− τ). (6)

The number of model coefficients have reduced to N×J+1.
In order to reduce the complexity to estimate b j(τ), we can
use a global basis to span the entire system memory, which

can take place of b j(τ). In this case, b j(τ) is represented
as Laguerre basis function [9], which has been useful in
the modeling of physiological systems [10]. The j-th order
Laguerre basis function b j(τ) constitutes an orthonormal
basis, and v(n)j (t) can be calculated recursively as [11] :

v j(τ) =


√

αv0(τ−1)+
√

1−αx(τ) j = 0,τ > 0√
α j(1−α)x(τ) j ≥ 0,τ = 0√
αv j(τ−1)+

√
αv j−1(τ)

−v j−1(τ−1) j > 0,τ > 0
(7)

where α is the Laguerre parameter which determines the
convergence rate of kernel functions. The smaller the α is,
the faster the basis functions converge to zero. Laguerre basis
functions with optimal α reduce the number of coefficients
to be estimated. The structure of GLMs can be reconstructed
from these functions efficiently.

D. Sparse Generalized Linear Model

Lasso regularization aims at minimizing the sum of
squared errors, adding a constraint on the sum of absolute
values of the parameters to be estimated. It ensures that only
the significant variables predicting the output spike trains are
selected in the model, and thus, avoids overfitting.

Applying lasso method to equation (5) results in:

ĉlasso =argmin
ζ

{ T

∑
t=1

[
f
(
λi(t)

)
− c0−

N

∑
n=1

J

∑
j=1

c(n)( j)v(n)j (t)
]2

+ζ

N

∑
n=1

J

∑
j=1
|c(n)( j)|

}
.

(8)
We explored a wide range of ζ from 10−5 to 10−1. For each
ζ , deviance was obtained from 5-fold cross validation. The
ζ with smallest deviance and the corresponding set of ĉlasso

were selected as estimated coefficients.

E. Model Validation

The model described in this study can provide us with the
conditional probability of the output spikes. The goodness-
of-fit was tested with time-rescaled Kolmogorov-Smirnov
(K-S) test [12]. If the model is accurate, it should provide a
conditional firing rate function changing the recorded spike
train data into a Poisson process, and the plot of the trans-
formed values should be independent and distributed around
the 45-degree line of K-S plot. The dependencies between
subsequent intervals were inspected using autocorrelation
method.

F. Graph Analysis

The network established can be described using several
nodes and edges between them in graph theory. We aim
at finding the basic and essential characteristics of the
nodes, edges, and topological structure of neural circuits.
The resulting mathematical models will be useful to describe
and predict the dynamic behavior of the network. The
reconstructed network is described by three key measures
[1]:

2507

https://www.researchgate.net/publication/285708959_Complex_brain_networks_Graph_theoretical_analysis_of_structural_and_functional_systems?el=1_x_8&enrichId=rgreq-796e6f99d356a729d357be1aa5a30421-XXX&enrichSource=Y292ZXJQYWdlOzMwODM2NjI2MTtBUzo0MDg2NDg3OTU4NjkxODRAMTQ3NDQ0MDg3MzgwMw==
https://www.researchgate.net/publication/14890899_Modeling_of_neural_systems_by_use_of_neuronal_modes?el=1_x_8&enrichId=rgreq-796e6f99d356a729d357be1aa5a30421-XXX&enrichSource=Y292ZXJQYWdlOzMwODM2NjI2MTtBUzo0MDg2NDg3OTU4NjkxODRAMTQ3NDQ0MDg3MzgwMw==
https://www.researchgate.net/publication/11555987_The_Time-Rescaling_Theorem_and_Its_Application_to_Neural_Spike_Train_Data_Analysis?el=1_x_8&enrichId=rgreq-796e6f99d356a729d357be1aa5a30421-XXX&enrichSource=Y292ZXJQYWdlOzMwODM2NjI2MTtBUzo0MDg2NDg3OTU4NjkxODRAMTQ3NDQ0MDg3MzgwMw==
https://www.researchgate.net/publication/260637361_Point-Process_Nonlinear_Models_With_Laguerre_and_Volterra_Expansions_Instantaneous_Assessment_of_Heartbeat_Dynamics?el=1_x_8&enrichId=rgreq-796e6f99d356a729d357be1aa5a30421-XXX&enrichSource=Y292ZXJQYWdlOzMwODM2NjI2MTtBUzo0MDg2NDg3OTU4NjkxODRAMTQ3NDQ0MDg3MzgwMw==
https://www.researchgate.net/publication/236837114_Identification_of_sparse_neural_functional_connectivity_using_penalized_likelihood_estimation_and_basis_functions?el=1_x_8&enrichId=rgreq-796e6f99d356a729d357be1aa5a30421-XXX&enrichSource=Y292ZXJQYWdlOzMwODM2NjI2MTtBUzo0MDg2NDg3OTU4NjkxODRAMTQ3NDQ0MDg3MzgwMw==
https://www.researchgate.net/publication/260662798_Nonlinear_Dynamic_Modeling_of_Spike_Train_Transformations_for_Hippocampal-Cortical_Prostheses?el=1_x_8&enrichId=rgreq-796e6f99d356a729d357be1aa5a30421-XXX&enrichSource=Y292ZXJQYWdlOzMwODM2NjI2MTtBUzo0MDg2NDg3OTU4NjkxODRAMTQ3NDQ0MDg3MzgwMw==
https://www.researchgate.net/publication/8591601_Multiple_neural_spike_train_data_analysis_state-of-the-art_and_future_challenges?el=1_x_8&enrichId=rgreq-796e6f99d356a729d357be1aa5a30421-XXX&enrichSource=Y292ZXJQYWdlOzMwODM2NjI2MTtBUzo0MDg2NDg3OTU4NjkxODRAMTQ3NDQ0MDg3MzgwMw==


Degree and Degree Distribution The degree of one node
is defined by the number of edges connected to it. The node
degrees existing among the whole network is described by
a distribution function P(k), which is the percentage of the
nodes with degree k among the total number of nodes.

Average Path Length The path length di, j is the number
of edges existing in the shortest path connecting node i and
j. Average path length (L) is the average over the sum of all
di, j. Small L is one of the small-world features.

Clustering coefficients The nearest neighbors of one node
can form a cluster if they connect to each other. This measure
tells us the actual ratio of the number of connections among
the neighbors and maximum number of connections among
them in theory. A large clustering coefficient is also a small-
world feature.

III. RESULTS

A. Model Estimation

This study investigated the relationship between neurons
with firing rates higher than 0.5 Hz. The K-S plot and the
prediction accuracy provided us with parameters for model
verification. The significant parameters selected were used
to reconstruct neural network model. Fig 1 presents the
functional network derived from Rat #3 (ec016) recordings
for 28 minutes in section 437 (ec016.437). Before the exper-
iment, the rat was trained for the wheel task 8 times. Our
reconstructed functional network contains 36 neurons among
4 regions in hippocampus and in each region, the neurons
are nearly fully connected, which shows a strong regional
small-world feature.

Fig. 1. Functional neuronal network derived from one of the datasets. The
arrows correspond to the number of electrodes plugged into CA1, EC3,
EC4, EC5 regions. Each green circle highlights a hippocampal region. Blue
dots represent neurons, and the red lines indicate the connections between
neurons within a region. Yellow lines highlight the connections of neurons
between regions.

B. EC region: a significant small world network

Data collected from different rats performing various ex-
perimental tasks were used to reconstruct the corresponding

functional connectivity graphs. In Table I, the true positive
(TP) means the prediction accuracy of having a spike. The
true negative (TN) corresponds to the accuracy for no spike.
We use ROC curve to determine the threshold to get the
highest TP and TN. It showed that the reconstructed network
has small average path length and very high clustering
coefficients (’1’ means that neighbors are fully connected).
Both suggest that the hippocampal regions studied are small-
world networks. Rat #2 in ec.013.578 section was trained
more times than Rat #3 in ec.016.437. It consequently shows
more significant small-world feature in this network. As
shown in the last 3 rows in Table 1, the more training
the rat has, the more connections established in the final
reconstructed network.

C. Validation using K-S plot
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Fig. 2. First Column: K-S plot of one example neuron from section
ec012ec.187, straight dashed lines in K-S plot are the 95% confidence
bounds; Second Column: the autocorrelation plot of subsequent transformed
value, blue lines are the 95% confidence bounds without correlation.

In the first column of Fig 2, the plot (solid) line lies within
the dashed horizontal lines with 95% confidence, also in the
second column, under several lags, it shows insignificant
autocorrelation between transformed rescaled times. Both
suggested that the estimated model was sufficient for this
neuronal output.

IV. DISCUSSION

This paper reported one of the first comparative studies to
study neural networks at different training stages and tasks.
The reconstructed networks in our study showed that the
neural network at the hippocampal region of well-trained
rats demonstrated small-world features. Our results agreed
with the previous study by Gerhard and colleagues that
the cortical networks are significant small world structures
instead of scale-free ones [13]. Sporns et al. also reported
the topological properties influencing the complex dynamics
of neural network in the view of small-world-ness network
[14]. Such small-world network was observed at not only
regional level but also neuronal level [15] [16]. However,
few previous studies have been conducted on constructing
network based on multi-neuronal recordings of local circuits
during behavior. We focused on the hippocampal region
at the level of neuronal units when rats were performing
different tasks. While previous methods were suitable for
reconstructing small network [13], our sparse GLM is more
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TABLE I
ACCURACY OF PREDICTION AND PROPERTIES OF RECONSTRUCTED FUNCTIONAL NETWORK FOR 10 SECTIONS

Section ID Task Times Neurons Regions TP TN < D >* < PL >** <CC >***

ec012ec.187(Rat # 1) Mwheel 10 13 EC3 EC5 75.5% 92.1% 9.38 1.22 0.81
ec012ec.188(Rat # 1) Mwheel 10 7 EC3 EC5 73.3% 90.9% 5.71 1.05 0.95
ec012ec.189(Rat # 1) Mwheel 10 11 EC3 EC5 76.5% 92.8% 8.73 1.12 0.89
ec012ec.212(Rat # 1) Mwheel 10 6 EC3 EC5 84.9% 80.8% 2.00 1.87 0.39
ec013.533(Rat # 2) Linear 10 43 EC3 EC4 EC5 CA1 74.2% 90.3% 20.8 1.51 0.57
ec013.578(Rat # 2) Wheel 10 28 EC3 EC4 EC5 CA1 74.9% 88.9% 20.9 1.22 0.79
ec016.437(Rat # 3) Wheel 8 36 EC3 EC4 EC5 CA1 79.2% 80.3% 14.8 1.58 0.50
ec014.215(Rat # 4) Bigsquare 1 23 EC2 EC3 EC5 CA1 80.1% 92.0% 24.6 1.21 0.79
ec014.260(Rat # 4) Bigsquare 3 53 EC2 EC3 EC5 CA1 80.0% 93.1% 38.2 1.26 0.74
ec014.277(Rat # 4) Bigsquare 4 64 EC2 EC3 EC5 CA1 84.2% 95.0% 46.9 1.25 0.76

* Average Degree
** Average Path Length
*** Average Clustering Coefficients

ideal when estimating more parameters when more neurons
are involved in the network.

As shown in Table 1, for Rat #1, when doing the same
task, its final reconstructed neural networks contain different
neurons, but the more neurons it involves, the average degree
and average path length are larger, while the clustering coeffi-
cients become smaller. Although the placement of electrodes
and training time are the same for Rat #2, we find that doing
different tasks, the size of reconstructed network and the
ratio of neurons involved in the functional networks are quite
different. Linear task forms a larger functional network than
Wheel task. Furthermore, when the training time increases
for the same task, more neurons and more connections
are involved in our functional network for Rat #4. With
the further development of statistical models of network
reconstruction technology in the future, we hope to better
understand the functional connectivity of neurons. Instead of
constructing a binary matrix using a threshold in this study,
the model should work directly with directed and weighted
network. Other graph properties could also be studied, like
network motifs or cascading reactions. Currently, we focus
only on the coupling strength between neurons to form
connection. However, node dynamics and edge dynamics
will be considered in the future, which can help to modify
our model. Also, with more neurons from different regions
involved in our study, we may focus on the community
detection of functional connectivity to compare with known
structural connectivity. The framework developed could be
not only applied to study the underlying system by observing
the spike trains, but also extended to study the recordings of
other modalities.
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lations provide temporal windows for local circuit computation in the
entorhinal-hippocampal loop,” Neuron, vol. 64, no. 2, pp. 267–280,
2009.

[6] B. Yu, R. H. Chan, T. Mak, Y. Sun, and C.-S. Poon, “On-chip systolic
networks for real-time tracking of pairwise correlations between
neurons in a large-scale network,” Biomedical Engineering, IEEE
Transactions on, vol. 60, no. 1, pp. 198–202, 2013.

[7] E. N. Brown, R. E. Kass, and P. P. Mitra, “Multiple neural spike
train data analysis: state-of-the-art and future challenges,” Nature
neuroscience, vol. 7, no. 5, pp. 456–461, 2004.

[8] D. Song, R. H. Chan, V. Z. Marmarelis, R. E. Hampson, S. A.
Deadwyler, and T. W. Berger, “Nonlinear dynamic modeling of spike
train transformations for hippocampal-cortical prostheses,” Biomedical
Engineering, IEEE Transactions on, vol. 54, no. 6, pp. 1053–1066,
2007.

[9] D. Song, H. Wang, C. Y. Tu, V. Z. Marmarelis, R. E. Hampson,
S. A. Deadwyler, and T. W. Berger, “Identification of sparse neural
functional connectivity using penalized likelihood estimation and basis
functions,” Journal of computational neuroscience, vol. 35, no. 3, pp.
335–357, 2013.

[10] G. Valenza, L. Citi, E. P. Scilingo, and R. Barbieri, “Point-process
nonlinear models with laguerre and volterra expansions: Instantaneous
assessment of heartbeat dynamics,” Signal Processing, IEEE Transac-
tions On, vol. 61, no. 11, pp. 2914–2926, 2013.

[11] V. Marmarelis and M. Orme, “Modeling of neural systems by use
of neuronal modes,” Biomedical Engineering, IEEE Transactions on,
vol. 40, no. 11, pp. 1149–1158, 1993.

[12] E. Brown, R. Barbieri, V. Ventura, R. Kass, and L. Frank, “The
time-rescaling theorem and its application to neural spike train data
analysis,” Neural computation, vol. 14, no. 2, pp. 325–346, 2002.

[13] F. Gerhard, G. Pipa, B. Lima, S. Neuenschwander, and W. Gerstner,
“Extraction of network topology from multi-electrode recordings: is
there a small-world effect?” Frontiers in Computational Neuroscience,
vol. 5, p. 4, 2011.

[14] O. Sporns, G. Tononi, and G. Edelman, “Theoretical neuroanatomy
and the connectivity of the cerebral cortex,” Behavioural brain re-
search, vol. 135, no. 1, pp. 69–74, 2002.

[15] R. Albert and A.-L. Barabási, “Statistical mechanics of complex
networks,” Reviews of modern physics, vol. 74, no. 1, p. 47, 2002.
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