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outline:

1. context
2. problems

* inference problem

* image problem

* inference problem w/images
3. call to arms



biological pathologies:

1. no “basic equation”:
« model-building
» validation
e complexity control

2. goal of imaging
 diagnosis/natural science vs.
* image enhancing



Problem: & is often
SMOOTHING




Solution: Simplify the problem

WHAT WE CAN GET
(WWCG)




biological problem: we have
NO CLUE what & |S

D=7777?



solution: learn parameters in
effective or generative model

D = {yvx}

ots of DATA
possibly
Image dats

pa ameteri d,
iInterpretable

y = Fy(w)
® p(D) =Y p(D|z)p(z)



biological inverse problems

1. parameter learning,
e€.g., w1 p(D) — ZP(D|Z)}?(Z)
2. structure Iearning
(a generic “systems” Sz
problem)




biological networks?

* protein-protein
» transcriptional regulation
* signaling RS EEL AR




biology as told by a theorist
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biology as told by a theorist
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biology as told by a theorist
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biology as told by a theorist
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biology as told by a theorist
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learning networks from biology
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learning networks from biology
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learning networks from biology
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boosting: base on biological rules

parents - “motifs” - children

e |0M-dimensional feature space
e approx 100*6000 examples
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boosting: add 1 edge at at time

parents - “motifs” - children

e |0M-dimensional feature space
e approx 100*6000 examples
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basic notions: fitting vs. overfitting

e "10-fold cross-validation” yields test loss of 13.6%

Iogz( expression)

Down

Predicted Bins
Baseline ~ Up

-3 0
prediction scare

True Bins

Down
Baseline
Up

16.5%
9.3%
2.8%

e Empirical estimate of generalization error
e not chi squared (not training data, and not normal)
e M. Middendorf, A. Kundaje, CW, Y. Freund and C. Leslie

8.9% 1.5%
324%  6.3%
9.9% 12.0%



outline:

1. context
2. problems

* inference problem

* image problem

* inference problem w/images
3. call to arms



p(D) = )_p(D]z)p(z)

«qnt  threshold: S EBe-01

file: x475_y50; frame 1 of 97
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movie: tasha sims, dustin lab; harry xenias+ben dubin-thaler, sheetz lab



noVel: jake hofman

automated, statistical, “high-throughput” (whole movies) quantitative motility assays

1. identify cell edge
(statistical
segementation)
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file: %475 _y50; frame 1 of 97

2. evaluate normal
velocity
(optical flow)

ne tu el
for P1_CD000NM velocities

0.2

3. map onto surface
(differential geometry)

0.15] %

time (min)

file: x475_y50; normal velocity (um/min)

-
-
- -

4. analyze velocity
statistics
(mixture modeling)




noVel: software interface

e 06 X/ noVel

Analysis Parameters
Acquisition Parameters

Start Frame 1 Convergence 1e-6
Microns Per Pixel I 113 |
{Log_10 of) i
Stop frame | 26 Tightness Factor I
Seconds Per I S {max = 263

Threshold Smoothing 1
(humber of frames)

Original Sequence

%1 0" Hjstograin Segmented Sequence

2
50 15 50
g
100 8 | 100
05
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0 il
50 100 150 0 05 1 15 50 100 150
normalized pixel intensity
Frame 20 of 26
= 1 |
Status: Frame Statistics:
Click Segment button to continue. i ame 20
Segmenting sequence ... mu_g: [-1.9307e-05 099922 )
Segmentation complete. sigma: [0.032318 05314
elocity button to continue. 1 |threshold: [0.16121 ]
/
Output Filename I test_stack3

Load Image Fit Histogram | Segment Velocity

Close




noVel: software interface

e 06 X Figure 1
File Edit View Insert Tools Window Help
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inference + images

what can (Sl  do for




foci detection: modern machine
learning+microscopy




focl detection: modern machine
learning+microscopy

local maxima regions of prediction scores overlayed on image data, frame 14100
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foci detection: simulate biologists, not biology

3. correlate with
disease states and

1. label images -
phenotypic
(HCI) features
(biology)

4. develop network
+ dynamical models
(applied math)

2. learn detector
(SVMs)




outline:

1. context
2. problems

* inference problem

* image problem

* inference problem w/images
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more info

e inference/reverse engineering

— ISMB 2004

— RECOMB 2005

— open source: www.cs.columbia.edu/compbio/
e bioimage data

— Cell 2007

— Biophysical Journal 2007

— PRL 2006

— Biophysical Journal 2006

— Journal of Cell Science 2006

— open source: cellmap.sourceforge.net
e chris.wiggins@columbia.edu



