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Signal Processing and Statistical Challenges
in Neuroscience Data Analysis
By Emery N. Brown
Neuroscience, like many other areas of science, is experiencing a data explosion, propelled both by improvements in existing recording technologies, such as electroencephalography (EEG), magnetoencephalography (MEG), positron emission tomography (PET), and functional magnetic resonance imaging (fMRI), and by the advent of new and relatively new measurement and recording technologies, such as multiple electrode arrays, diffuse optical tomography (DOT), and diffusion tensor imaging (DTI). These technologies have had a significant impact on basic
and clinical neuroscience research. An analysis bottleneck is inevitable as the collection of data using these techniques now outpaces the development of new methods appropriate for analysis of the data. In each case, resolution of significant signal processing and statistical questions is
crucial if researchers and clinicians are to make the best inferences from the data. This article briefly describes three challenging data analysis
questions in neuroscience research.

Spike Sorting: Identification and Classification of Spike Events
Multiple-electrode arrays capable of recording the simultaneous spiking activity of many (more than 20) neurons make it possible to study
how groups of neurons act in concert to define the function of a given region of the brain [14]. Sorting of extracellular spike events is an obligatory first step in analyzing multiple-electrode recordings, because the potentials measured from multiple electrodes are the spiking and dendritic voltages of many simultaneously recorded neurons [8]. The extraction or sorting of the spike events from these signals, usually an off-line
process, is accomplished in three steps: spike-event detection, identification of the number of neurons, and spike-event classification [1].
In the first step, a combination of filtering algorithms and thresholding criteria is used within a specified time window to detect spike events
in the extracellular potentials. Each spike event is summarized as a feature vector, which is a sample of the voltage trace in a short time interval around the event. In the classification step, the characteristics of the feature vector are used to assign each spike event to a specific neuron.
This can be done manually, by inspecting plots of low-dimensional projections of the feature vectors, or by applying automated spike-classification techniques that use one of several clustering algorithms from machine learning or statistics to place similar feature vectors in the same
group. All spike events of one group are taken as coming from the same neuron.
There is no consensus on the optimal approach to spike sorting. Because of the complexity of the spike-sorting problem, different methods
applied to the same data set can yield different results. Several factors contribute to the complexity. First, clusters often violate the frequently
made assumption of Gaussian errors in model-based parametric analyses; the clusters can also change in time as a result of drifts in experimental conditions [3]. Second, identifying the number of neurons to which the spike events will be assigned is a challenge [11]. Third, simultaneous intracellular–extracellular recordings have shown that spike sorting for large numbers of neurons can have a non-zero error rate because the
spike shapes from different neurons can overlap [6]. Fourth, multiple-electrode arrays with different geometries and numbers of electrodes
require different sorting algorithms. Finally, in neural prosthetic and brain–machine interface applications, spike sorting has to be done on-line
and in real time if the devices are to be practical [7]. Defining optimal strategies for spike sorting is an important question for neuroscience
research: All subsequent analyses and conclusions from multiple-electrode recordings depend on the solution obtained in this first step.
Multimodal Data Fusion
A central focus of current functional neuroimaging research is the development of tools for multimodal image fusion, for varying combinations of fMRI, DOT, EEG, and MEG. This means conducting experiments in which imaging is performed in two or more of these modalities,
simultaneously or in sequence, so that the information from the different sources can be combined [9]. Use of two or more imaging modalities
simultaneously to study brain function provides information about the same sources, yet on different spatial and time scales. The combination
of EEG measurements with simultaneously recorded fMRI, for example, takes advantage of both the high spatial resolution of fMRI and the
high temporal resolution of EEG. Other combinations being actively explored include EEG with MEG, fMRI with DOT, and DOT with both
EEG and MEG.
Optimal fusion of the information from different modalities is a nontrivial task, requiring computed solutions to a sequence of high-dimensional, ill-posed inverse problems. Solving an ill-posed inverse problem means determining the best estimates of activity in specific brain regions
from the multimodal measurements [4,5,10]. The problem is ill-posed because without additional constraints the solution is not unique. The
constraints imposed should be chosen not arbitrarily but rather on the basis of known biophysical properties of the imaging modalities and the
physiological and anatomical features of the brain and the particular experimental question under study [12,13]. How to do this is an open problem whose solution has enormous implications for the optimal use of functional neuroimaging technology. Moreover, the concept, if not the specific techniques, can be used to combine neurophysiological information from other important sources, such as behavioral recordings and
genomic data.
Dynamic Signal Processing Methods
Much neuroscience research focuses on understanding how the dynamic properties of synapses, individual neurons, and neural circuits lead
to the functional properties of specific brain regions. Proper estimation of the dynamic properties of neural systems, whether from imaging, local

field potentials, or neural spike-train recordings, requires dynamic signal processing methods. Despite the wide array of dynamic signal processing algorithms available for continuous-valued measurements, most current methods for neural spike-train data analysis are static rather than
dynamic. Hence, there is a significant need for dynamic statistical methods explicitly designed to analyze neural spike-train data recorded from
multiple-electrode arrays [1].
Dynamical systems and neural network models have long provided essential quantitative characterizations of neural systems [2]. Research on
dynamic data-analysis methodology, however, should be conducted more in concert with modeling research. With experiments directly related
to computational modeling, experimental findings could be put to improved use: in quantifying better predictions from more complex models,
in refining model formulation, and, as a consequence, in designing better experiments. Similarly, computational models could suggest formulations of the statistical methods that would make them more successful in extracting salient features from experimental data.
As illustrated by these three examples, solutions to key signal processing and statistics problems in neuroscience revolve around the need for
appropriate new methods that can correctly characterize the dynamic, multivariate nature of neuroscience data. In some cases, it will be possible to borrow from existing paradigms in statistics, engineering, computer science, and physics to design these methods. Indeed, use of existing methods should be the first step. The unique features of neuroscience experiments, however, are leading rapidly to a need for signal processing and statistical methods developed from scratch specifically for these studies.
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