Data Science in a Dynamic World
Project proposal for Inria Chair Candidate Dennis Shasha
1 Executive Summary
Many fundamental problems in natural science from astronomy to microbiology require large data from heterogeneous sources. The basic workflow is to collect that data, form some kind of similarity metric between objects based on each data source, and then weight those different similarity metrics for some data analysis task. The goal is to gain actionable insight such as the cause of some symptoms, the function of some protein, or the likely source of some epidemic.
Most often this is conceived of as “do-it-once” exercise. However, as data acquisition techniques improve, data may evolve continuously. When that happens the question is whether new revised insights can be obtained in a close to real time manner. Whether this is possible depends on the qualities of the new data, the weighting of the data sources, and the machine learning algorithms used. This project aims to find fast and minimalist methods to update insights as new data appears.
2 Short CV

         Shasha is a professor of Computer Science at the Courant Institute of New York University.  He works with biologists on pattern discovery for  network inference; with computational chemists on algorithms for protein design; with radiologists on fast algorithms for image reconstruction from magnetic resonance imagery; on clocked computation for DNA computing; and on  computational reproducibility. Other areas of interest include database tuning as well as tree and graph matching. He has written six books of puzzles about a mathematical detective named Dr. Ecco, a biography about great computer scientists, and a book about the future of computing. He has also written five technical books about database tuning, biological pattern recognition, time series, DNA computing, resampling statistics, and causal inference in molecular networks. He has co-authored over seventy journal papers, seventy conference papers, and twenty patents. Shasha is co-editor in chief of Information Systems. He has written the puzzle column for various publications including Scientific American, Dr. Dobb’s Journal, and starting in the fall of 2014 the Communications of the ACM. Shasha is a fellow of the ACM.

 3 Environment

Whereas Shasha’s primary home will be [Patrick’s group], he already has performed research with several researchers at SupAgra. Because Shasha’s interests are interdisciplinary, his talks will be of interest to biologists, medical researchers as well as computer scientists.

3 Detailed Program

For the sake of concreteness, let us review the workflow of an area in which Shasha has been working recently [Drew et al. 2001, Youngs et al. 2013; ]: protein function prediction.  The rate of new protein discovery has, in recent years, outpaced our ability to annotate and characterize new proteins and proteomes. In order to combat this functional annotation deficit, many groups have successfully turned to computational techniques, attempting to predict the function of proteins in order to guide experimental verification. Specifically, there has been a surge of interest in applying machine learning methods to the problem of protein function prediction in order to take advantage of the wealth of biological data including computationally-predicted tertiary structure (Drew et al., 2011). While traditional approaches to function prediction mainly involve either homology (with limitations of accuracy) or manual curation [Bairoch and Apweiler 1997] (dependent on rare expertise), these new methods integrate many different sources of data. In such a method, genes are represented by nodes in a network and edges are defined by a similarity metric obtained from raw data (e.g., the Pearson Correlation Coefficient of feature vectors) based on various data types (notably, expression, sequence, three dimensional structure, and phylogeny). Functions are predicted by propagating information from genes known to have a function, through the network to unlabeled genes based on guilt-by-association (Kim et al., 2008; Leone et al., 2005; Qi et al., 2008; Zhang et al., 2008; Bhardwadj et al. 2010).  Many techniques have been used. For example, Marcotte et al. (1999) used linkage graphs while Troyanskaya et al. (2003) used Bayesian approaches to predict function.  Machine learning methods incude Support Vector Machines, Random Forests, Decision Trees, and several composite methods (Guan et al., 2008; Lee et al., 2006; Obozinski et al., 2008; Tasan et al., 2008). The following figure gives a schematic of the approach, showing the different data types and the weighted similarity graph.
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Figure 1
A graphical depiction of the label propagation protein function prediction process. Different datatypes are processed as similarity matrices (where each data type has a different weight)  and combined utilizing existing Gene Ontology [Ashburner et al. 2000] annotations, as well as negative examples obtained via Positive-Unlabeled learning. This combined affinity matrix represents a network, different for each function being predicted, where positive and negative labels, as well as prior biases for unlabeled nodes can propagate.
We have reviewed this example to illustrate the need in many data science problems for the integration of multiple data types,  a notion of similarity, and multiple machine learning methods operating over networks. As normally conceived, such a workflow is rerun infrequently because data changes are assumed to be slow. But new laboratory techniques may completely change that situation. For example, sequencing an individual human can be done in a few days for a few thousand Euros. Given a model that could predict the variations in function of particular mutations of a protein and given that mutations of different proteins might have a coordinated effect on phenotypes, new data may result in different conclusions.

The basic question then is: how can we minimize the time and effort needed to arrive at new insights given changes in the data? This is an experimental as well as theoretical question. One approach will be to look at the data itself to see whether any of the new data items are “very different” from existing values. This could entail clustering the data based on coefficient weights that an existing regression-like machine learning method has determined. If new data points fall within the clusters of existing data points, then conclusions are unlikely to change. A second approach will be to run the existing rules generated by the machine learning algorithm already in use to see if the conclusions of the algorithm are consistent with the values in the new data. If so, then the new data won’t change the final insights much. When the first two approaches suggest that changes to insightsare possible, then we seek efficient incremental uses of machine learning algorithm to take into account the new data and come to possibly new conlusion. How to do this depends, in the current state of research, on the specifics of the algorithm. Gradient descent and neural network methods are naturally incremental, because they are trained incrementally. The situation is a more subtle for support vector machines: [Cauwenberghs and Poggio, 2001] and for decision/regression tree learning [He 2008]. We consider the situation unresolved for Bayesian networks. It is a deep research question to know whether there is a universal incremental approach to machine learning, a question of great interest to us.

An important additional issue is what to do with very old data. As Shasha has found from his interactions with Wall Street traders, they have the memory capacity of fruit flies. Surprisingly, this makes them better at their jobs: old information is far less useful than current information when it comes to markets. Even in biology, this can be the case: old techniques for RNA expression measurement will soon be superseded by direct counting methods, rendering old data less and less useful. Fortunately, the effect of removing old data is analogous to adding in new data. If the removed old data lies within the clusters of the other data, then conclusions need not be recomputed.


Realizing the vision of dynamic evolution of insights as data changes will require engineering advances as well. For example, as new data arrives, a dynamic system must support both incremental clustering and the ability to indicate when differences have become so great that incremental machine learning must begin. There might even be a mechanism whereby idle time can be used to perform incremental machine learning even before triggering conditions have been reached.

The area is important and the combined talents of the Valduriez group and Shasha will change the world for the better [Patrick, please help..].
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