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Open questions
How many distinct locations can 
proteins be found in?  What are they?

Determining protein location
The primary method 
used to determine the 
subcellular location of a 
protein is to “tag” it with a 
fluorescent probe and 
then image its 
distribution within cells 
using fluorescence 
microscopy

Can tag with antibodies or by fusing gene with 
fluorescent protein such as GFP
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Automated Interpretation
Traditional analysis of fluorescence 
microscope images has occurred by 
visual inspectionvisual inspection
Our goal over the past twelve years has 
to been to automate interpretation with 
the ultimate goal of fully automated 
learning of protein location from images

The Challenge
Problem is hard because different Problem is hard because different 
cells have different cells have different shapes, sizes, shapes, sizes, 
orientationsorientations
Organelles/structures within cells areOrganelles/structures within cells areOrganelles/structures within cells are Organelles/structures within cells are 
not found in fixed locationsnot found in fixed locations
Therefore, describe each image Therefore, describe each image 
numerically and use the numerically and use the 
descriptorsdescriptors

Approach
2.    I m a g e    P r o c e s s i n g

Combine fluorescence 
microscopy with pattern 
recognition techniques 
to automatically 
determine protein 
patterns 

Segmentation
Denoising
Deconvolution
Signal unmixing

1.    I m a g e    A c q u i s i t i o n

3.    F e a t u r e    E x t r a c t i o n 4.    F e a t u r e    S e l e c t i o n 5.    C l a s s i f i c a t i o n
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Initial goal: Learn to recognize all 
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Classification Results: 
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Note: Even better results for 3D images!

Supervised vs. Unsupervised 
Learning

This work demonstrated the feasibility of 
using classification methods to assign 
all proteins to known major classesall proteins to known major classes
Do we know all locations? Are 
assignments to major classes enough?
Need approach to discover classes
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Location Proteomics
Tag many proteins (many methods available; we use CD-
tagging (developed by Jonathan Jarvik and Peter Berget): 
Infect population of cells with a retrovirus carrying DNA 
sequence that will “tag” in a random gene in each cell
Isolate separate clones, each of which produces express one p , p p
tagged protein
Use RT-PCR to identify tagged gene in each clone
Collect many live cell images for each clone using spinning 
disk confocal fluorescence microscopy

Jarvik 
et al 
2002

What 
Now?

Group 
~90 

tagged 
clones 

by 
pattern

Solution: Group them 
automatically

Chen et al 2003;
Chen and Murphy 2005

Nucleolar 
proteins

Uniform 
punctate 
proteins

Punctate 
nuclear 

proteins

Vesicular 
proteins

Uniform 
proteins

Nuclear w/ 
punctate 

cytoplasm
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CD-tagging 
project

Running ~100 
clones/wk 
Automated

Garcia Osuna et al 2007

Automated 
imaging

Elvira Garcia Osuna
Results for 225 clones

Subcellular Location Families 
and Generative Models

Rather than using words (e.g., GO 
terms) to describe location patterns, 
can make entries in protein 
databases that give its Subcellular 
Location Family - a specific node in 
a Subcellular Location Tree
Provides necessary resolution that 
is difficult to obtain with words
How do we communicate patterns: 
Use generative models learned 
from images to capture pattern and 
variation in pattern

Generative Model 
Components
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Synthesized Images

Lysosomes Endosomes

Have XML design for capturing model parameters
Have portable tool for generating images from model

Combining Models for Cell 
Simulations

Protein 1
Cell Shape

Nuclear Model

2
QuickTime™ and a

TIFF (Uncompressed) decompressor
are needed to see this picture.

Protein 2
Cell Shape

Nuclear Model

Protein 3
Cell Shape

Nuclear Model

XML

Shared 
Nuclear 
and Cell 

Shape

Simulation 
for multiple 

proteins

Integrating with Virtual Cell (University of Connectiicut)) 
and M-Cell (Pittsburgh Supercomputing Center)

PSLID: Protein Subcellular 
Location Image Database

Version 4 to be released January 2008
Adding ~50,000 analyzed images (~1,000 clones, ~350,000 cells) 
from 3T3 cell random tagging project
Adding ~7,500 analyzed images (~2,500 genes, ~40,000 cells) from 
UCSF yeast GFP databaseUCSF yeast GFP database
Adding ~400,000 analyzed images (~3,000 proteins, 45 tissues) from 
Human Protein Atlas
Adding generative models to describe subcellular patterns consisting 
of discrete objects (e.g., lysosomes, endosomes, mitochondria)
Return XML file with real images that match a query
Return XML file with generative model for a pattern
Connecting to MBIC TCNP fluorescent probes database
Connecting to CCAM TCNP Virtual Cell system
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Examples of other subcellular 
location projects
Pepperkok group (Heidelberg) - human (MCF7 cells)

GFP-tagged cDNAs

Teasdale group (Brisbane) - mouse
GFP tagged cDNAsGFP-tagged cDNAs

Uhlen group (Protein Atlas) - human
Immunohistochemistry with monospecific antibodies
DAB and hematoxylin images
Fixed tissues

Schubert group (MELK technology)
Cycles of immunofluorescence, imaging and bleaching
Fixed tissues

The future of subcellular 
location analysis

Condition 
(O 102)

Cell Type 
(O 102)

Protein (Order 104 )

(Order 102)(Order 102)

Plus: Time scale from subsecond to 
years

How do we really analyze 
subcellular location?

Scope of problem argues for 
cooperation on grand scale
Need intelligent (optimized) dataNeed intelligent (optimized) data 
collection: probabilistic methods to 
integrate available data, make 
predictions, suggest experiments and 
iterate 
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Automated Science
(Active Learning)

Experimental
Data

Automated
Interpretation

Other Data

ModelingWhat new data is 
needed the most?

Efficient Acquisition and Learning 
of Fluorescence Microscope Data 
Models - with Jelena Kovacevic

2.
Intelligent Acquisition

1.
Model Building ModelModel 

satisfactory?
Yes

No

as well as design intelligent acquisition systems based on those models

Develop a mathematical framework and algorithms
to build accurate models of fluorescence microscope data sets

2.  Choose acquisition 
requests that allow us to 
construct an accurate model 
in the shortest amount of time

1. Use  all the input from the 
microscope to model the 
data set

Model Building satisfactory?

Intelligent Acquisition -
Unknown Motion Model

Predict object
distribution

Prior belief
Model likelihood

Acquire most
likely pixels

Observe actual
object locations

Update motion
models

Model
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Intelligent Acquisition - Frame 
Rate

Acquire frame if confidence in object’s location falls below 
95%
We acquire less frequently when motion model is learned

7 20157
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Intelligent Acquisition - Efficient 
Learning of Motion Models

Learn the motion model, not the trajectory
Fisher information: Amount of information that 
an observed random variable X contains 
about an unknown parameter θ

The unknown 
parameters of the 
motion model

Observation 
from the 
acquired region

Intelligent Acquisition - Efficient 
Learning of Motion Models

Maximize benefit to cost ratio

Probability of detecting 
Cost per 
unit time

Time taken to 
acquire a frame

High information

High cost

Low information

Low cost

object
unit time
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Pollard & Borisy, 2003

13. Thymosin-ß4
buffers G-actin

14. Actin filaments 
anneal and fragment

3 kinds of actin:
ATP, ADPPi, ADP 

2 kinds of end:
barbed, pointed

At the Membrane In the Cytosol

Reaction Network in Virtual Cell

Profilin binding and
ADP/ATP Exchange

Pointed end turnover

Cofilin cooperative
binding, severing and
enhanced Pi release

Annealing
and 

f t ti

Aging and 
dissociation of 

branches

PM               Cyt

Les Loew et al

Aging: ATP hydrolysis
followed by 

Pi dissociation

Barbed end
capping

Thymosin-ß4
buffering

Barbed end turnover
with and without profilin

fragmentation

Arp2/3 activation
and side branching

)0()225)
)(1

)())160((4.0)()
)(1000

)(1((( 4

4222
222

4

4

<⋅<
−+

−⋅+−++⋅
+++⋅

−+
−

− z
z

zzyxzyx
z

z
Les Loew et al

))5.13)(()12()12()5.182)((1.111_ 5.02222 −+⋅−⋅>⋅>+⋅= yxyyyxinitPActiveNWAS

560
molecule/µm2

0
molecule/µm2



11

0µM/s

-1 2µM/s

>0µM/s18µM/s

-1 2µM/s

Actin Turnover

5 µm5 µm

-1.2µM/s1.2µM/s

4.4µM0µM

Pointed Free Ends

0.9µM0µM

Barbed Free Ends
Speckle Microscopy: Actin Velocity Field 
for an Epithelial Cell

A. Ponti, A. Matov, M. Adams, S. Gupton, 
C. M. Waterman-Storer and G. Danuser, 
Biophys. J., 2005  

Steve Vanni & 
Fred Lanni

QuickTime™ and a
Video decompressor

are needed to see this picture.

Quantifying Complex Quantifying Complex 
MicroenvironmentsMicroenvironmentsNeuronal Stem Cell Niche: A Complex & 

Dynamic System
– Multiple interacting cell types
– 3-D vascular relationships
– 3-D Spatial polarity 
– Axes of asymmetry for divisions
– Lineage relationships

La
te

ra
l 

Ve
nt

ri
cl

e

Badri Roysam

Lineage relationships
– Multiple molecules of interest
– Signaling relationships
– Transport phenomena
– Molecular gradients
– Cell migration dynamics
– Gene regulation mechanisms

Doetsch 2003, Temple 2002
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Dlx2+
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PSA-NCAM+

Migrating
Neuroblasts

Ependymal

Astrocyte Immature
Precursor
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Unraveling the NicheUnraveling the Niche
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Badri Roysam

Visualizing the Perivascular Visualizing the Perivascular 
NicheNiche
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Recruiting postdocs and faculty!

Our mission:

To realize the potential of 
machine learning for 
understanding complex 
biological systems

To advance cancer 
diagnosis and treatment


