


Figure 1. The patterns of the Golgi proteins giantin and
gpp130 are visually indistinguishable by fluorescence
microscopy. The four most typical images of giantin (A-D)
and gpp130 (E-H) were selected from the collection of 2D
HeLa cell images using TyplC [2]. (Data from reference [4].)

To test the hypothesis that they could not in fact be
distinguished visually, we carried out training and testing
using a human subject [1]. The results indicated that
while the human observer could correctly classify the
other patterns with reasonable accuracy and could identify
both giantin and gpp130 images as being from the Golgi,
the two proteins could not be distinguished from each
other at all (the results were the same as expected for
random guesses). A comparison of the accuracy of
automated and visual classification is shown in Figure 2.
Note that the performances are similar for 7 of the ten
classes but that the computer does significantly better not
only for the Golgi proteins but also for the lysosomal
protein LAMP2.
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Figure 2. Comparison of classification accuracies from an
automated system and from visual examination.
Accuracies from Table 3 using SLF16 and a majority-
voting ensemble classifier [3] are presented versus the
average accuracy for the same images obtained by visual
examination [1]. Each symbol represents a different
pattern class. In increasing order of human classification
accuracy these are: gppl30, giantin, LAMP2, TfR, ER,
Tubulin, Mitochondria, nucleolin and DNA (both at 100%
for human and 99% for computer accuracy), and actin
(100% for both).

The discrimination between the Golgi proteins is even
better for 3D images. Giantin and gppl30 can be
distinguished an average of 86% with a neural network
and SLF9 [8] and this improved to 97% with a majority-
voting ensemble and SLF10 [3].

4. SUBCELLULAR LOCATION TREES

The observation that the SLF can be used to train
classifiers that not only can recognize the major
subcellular patterns but can distinguish subtle differences
in proteins within the same organelle raises the possibility
that the features can also be used to measure similarity
between protein patterns, much as scoring matrices such
as PAM250 are used to measure similarity between
protein sequences.

The SLF can be used to calculate a multivariate
distance beween the average SLF values of any pair of
protein patterns. When this is done for all pairs in the 2D
HeLa set using a Mahalanobis distance function that
adjusts the distance for the presence of correlated features,
the distances can be used to construct a hierarchical tree,
or dendrogram, in which the vertical distance reflects the
distance or dissimilarity between connected clones (Figure
3). The distances agree with expectations in that protein
pairs with visually similar proteins have small distances
while grossly different proteins have large distances [4].
For example, the two most similar pairs are the two Golgi
proteins and the endosomal and lysosomal proteins.
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Figure 3. Example Subcellular Location Tree in which the
ten patterns in the 2D HeLa dataset are grouped by their
similarity as measured by the SLF8 feature set. (From
reference [1].)

Therefore, just as scoring matrices can be used to
construct trees that group proteins by sequence similarity,
so we can expect that the SLFs can be used to build trees
that represent the similarity between protein patterns in a
systematic and objective manner. As a further illustration
of this idea, we have used a collection of 3D images for
46 different clones of 3T3 cells, where each clone
expresses a different protein internally fused with GFP
[9]. The ten most informative features for these images
were selected from the 3D feature set SLF11 and used to
calculate the z-scored Euclidean distance between the
average feature values of ecach clone and build a
Subcellular Location Tree [10]. We observed that proteins
known from the literature to have similar location patterns
are grouped together, and proteins whose locations were
unknown could have locations assigned by virtue of their
similarity to known proteins.

5. CONCLUSIONS

The results reviewed here address the need for automated
approaches to the determination and comparison of protein
subcellular patterns. In combination with high-
throughput microscope systems, the approaches described
here can enable a new subfield of proteomics, location
proteomics, with the goal of identifying the high-
resolution subcellular location patterns of all proteins
expressed in a given cell type or organism and
systematically organizing them into clusters that share the
same pattern. The results of this approach can be merged
with other protein databases, which can be expected to
greatly aid the discovery of new sequence motifs
responsible for protein location.

(10]

56

6. REFERENCES

R.F. Murphy, M. Velliste, and G. Porreca, "Robust
Numerical Features for Description and
Classification of Subcellular Location Patterns in
Fluorescence Microscope Images,” J VLSI Sig Proc
35: 311-321, 2003.

M.K. Markey, M.V. Boland, and R.F. Murphy,
"Towards Objective Selection of Representative
Microscope Images,” Biophys. J. 76: 2230-2237,
1999.

K. Huang and R.F. Murphy, "Boosting Accuracy of
Automated Classification of Fluorescence
Microscope Images for Location Proteomics, ”
submitted, 2004.

E.J.S. Roques and R.F. Murphy, "Objective
Evaluation of Differences in Protein Subcellular
Distribution, " Traffic 3: 61-65, 2002.

M.V. Boland, M.K. Markey, and R.F. Murphy,
"Automated Recognition of Patterns Characteristic
of Subcellular Structures in Fluorescence
Microscopy Images,” Cytometry 33: 366-375, 1998.
M.V. Boland and R.F. Murphy, "A Neural Network
Classifier Capable of Recognizing the Patterns of
All Major Subcellular Structures in Fluorescence
Microscope Images of HeLa Cells,” Bioinformatics
17: 1213-1223, 2001.

K. Huang, M. Velliste, and R.F. Murphy, "Feature
Reduction for Improved Recognition of Subcellular
Location Patterns in Fluorescence Microscope
Images, " Proc SPIE 4962: 307-318, 2003.

M. Velliste and R.F. Murphy, "Automated
Determination of Protein Subcellular Locations
from 3D Fluorescence Microscope Images," in 2002
IEEE International Symposium on Biomedical
Imaging (ISBI-2002). pp. 867-870, 2002.

J.W. Jarvik, G.W. Fisher, C. Shi, L. Hennen, C.
Hauser, S. Adler, and P.B. Berget, "In Vivo
Functional Proteomics: Mammalian Genome
Annotation Using CD-Tagging," BioTechniques 33:
852-867, 2002.

X. Chen, M. Velliste, S. Weinstein, J.W. Jarvik, and
R.F. Murphy, "Location Proteomics - Building
Subcellular Location Trees from High Resolution
3D Fluorescence Microscope Images of Randomly-
Tagged Proteins,” Proc. SPIE 4962: 298-306, 2003.



	Return to Main Menu
	=================
	Return to Browse Menu
	================
	Next Page
	Previous Page
	=================
	Table of Contents
	=================
	Full Text Search
	Search Results
	Print
	=================
	Help
	Exit CD



