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iInformation to intracellular responses.
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Importance

Cells communicate with the outside world through
membrane receptors that recognize one of many possible
stimuli in the extracellular environment and translate this
iInformation to intracellular responses.

Changes in the organization and composition of the cell
membrane are critical to transmembrane signal
transduction, so there is great interest in understanding the
organization of membrane proteins in resting cells and in
tracking their dynamic reorganization during signaling.

Problems in signaling networks are important in many
diseases including cancer, allergy and asthma.
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IgE high affinity receptor FceRl




Allergic Reaction

Ragweed The first time the allergy-prone
Pollen person runs across an allergen
: such as ragweed,
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These IgE molecules attach
themszelves to mast cells.

The second time that person
has a brush with ragweed,

the IgE-primed mast cell will
release its powerful chemicals,

and the person will suffer the
wheezing and/or sneezing,
TUNOy NOSe, Watery eyes; an
itching of allergy.
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The FceRI Receptor




IgE Attached o Subunit




The Antigen Crosslinking




bnm GP Labeling the 5 Subunit




Static Data

Transmission Electron Microscopy (TEM) Image
from an Unstimulated Cell
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Finding the Gold

100 nm

IRBL top 2'. prefix b 5nm NICK HV=80kV
Print Mag: 78400x @7.0 in Direct Mag: 20000x
16:23 06,2308

500 1000 1500 2000
X (nm)

Particle positions, stimulus=0.000 pg/ml, M=229.
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Data Acquisition

The data were generated using rat mast cells.
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After one minute, the cells were fixed, and the FceRI § sub
unit was labeled with 5nm gold particles.
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microscopy.
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Data Acquisition

The data were generated using rat mast cells.

The cells were exposed to increasing concentrations of the
antigen (0.000, 0.001, 0.010, 0.100, 1.000 pg/ml).

After one minute, the cells were fixed, and the FceRI § sub
unit was labeled with 5nm gold particles.

Images of the cell were taken using transmission electron
microscopy.

Spatial point positions of the gold particles were extracted
using the image processing software, ImageJ.
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Static Data

S 1 2 3 4 5 6 7 8 9 10 11
ug/ml
0.000 | 142 | 135 | 100 81 | 152 | 183 | 229 | 103 | 192 | 177 —
0.001 163 | 259 | 293 | 221 | 433 | 468 | 456 | 468 | 458 —
0.010 | 373 | 246 | 331 | 575 | 304 | 366 | 324 | 523 | 241 | 241 —
0.100 | 263 | 371 | 435 | 233 — | 274 | 237 | 453 | 376 | 340 | 157
1.000 | 149 | 382 296 — | 246 | 246 | 233 | 185 | 159 | 174

Data taken at ¢ = 1min.
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Previous Analysis: Hopkins Test

Random positions of 75 points

1000 1500 2000
X (nm)

0.8 0.8

0.4 .6
H —- The Hopkins Statistic

0.4 0.6
H —- The Hopkins Statistic

random data unstimulated data
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The Data

The biological data consist of M > 0 particles positions
which will be modeled as points in the Cartesian plane:

;= (x5,y;), 1<j<M.
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The Data

The biological data consist of M > 0 particles positions
which will be modeled as points in the Cartesian plane:

;= (x5,y;), 1<j<M.

Clusters are defined in term of the distance between
points:

djr = |lp; — Prll = \/(%’ —2)? + (Y5 — uk)?-
If two points satisfy d;, < d, they are in the same cluster.

We use hierarchical clustering based on the distance d.
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Simple Random Data
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Dendrograms
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Dendrograms are tree diagrams that are a graph-

ical representation of a hierarchical clustering of
data.
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Intrinsic Distance

500 1000 1500 2000 150 200 250 300 350
X (nm) distance(nm)

Random Data Number of Clusters
C'(d) is the number of clusters at distanced d.

The dy 1s the maximum of C'(d).

.— p.18/5!



Accidental Clustering

Because the number of particles in the images is highly
variable, (75-654) we first study the amount of “accidental”
clustering in random data.
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Accidental Clustering

Because the number of particles in the images is highly
variable, (75-654) we first study the amount of “accidental”
clustering in random data.

In random data, for a fixed clustering distance d and a fixed
region, the number of clusters in random data increases as
the number of particles M increases.

To understand how this affects the biological data, we
simulated a random distribution of M random particles 100
times and the computed the average u(dy,.) and standard
deviation o(dy,) of the intrinsic distances.
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Random Data

M | pldr) | o(dr)
100 | 135 | 18

200 | 98 9
300 | 80 14
400 | 69 5
800 | 49 3

The mean and standard deviation of the intrinsic
distance dj,.



Nonlinear Fit of the d;.

* random data
—e—nonlinear fit

400 500 600 700 800
number of particles (M)

- 707.2
-1+ 0.32 M0-56




Clustering Ratio

Because the number of particles in the images
varies substantially we introduce the

dry
T dr
which measures how much more the biological
data clusters as compared to random data.

PI



Clustering Ratio

stimulus | u(pr) | o(pr)
0.000 | 2.47 | 1.51
0.001 | 2.12 | 0.85
0.010 | 2.87 | 1.04
0.100 | 4.07 | 1.04
1.000 5.15 | 1.79

Mean 1, and standard deviation ¢ of the clustering
ratio p; for the biological data.



Clustering for the Biological Data

For the unstimulated cells, the clustering is over twice what
IS seen in random data.



Clustering for the Biological Data

For the unstimulated cells, the clustering is over twice what
IS seen In random data.

For stimulated cells, we see that increasing the stimulus by
a factor of 10 increases the clustering ratio by
approximately 1:

u(pr) =~ 1.03log(s) + 5.09.
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Clustering for the Biological Data

For the unstimulated cells, the clustering is over twice what
IS seen In random data.

For stimulated cells, we see that increasing the stimulus by
a factor of 10 increases the clustering ratio by
approximately 1:

u(pr) =~ 1.03log(s) + 5.09.

The standard deviation ¢ is quite large, but does not
Increase as fast as the mean .
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Intrinsic Clustering

S dr | ppc | tnp | thc | mcs
0.000 || 57 | 72 | 149 | 40 8
0.001 || 41 | 73 | 329 | 93 11
0.010 || 28 | 72 | 352 | 91 10
0.100 || 21 | 71 | 314 | 77 11
1.000 || 20 | 68 | 272 | 82 9

Average clustering using d;:

ppc: percentage of particles in clusters,
tnp: total number of particles,

tnc: total number of clusters,

mcs: maximum cluster size.
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Static Data Summary

The Intrinsic clustering distance and ratio
provided by our clustering algorithm now makes
It possible to quantitatively compare the amount
of receptor clustering between experiments and
to downstream signaling responses, for example,
calcium mobilization, degranulation and
histamine release.
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Dynamic Data

We now present our new analysis methods for
super-resolution fluorescence-microscopy
dynamic quantum-dot

video-imaging data.

The data consists of movies of the quantum dots.

Image processing software converts these
movies to a set of data tracks.



The FceRI Receptor




A Quantum Dot Attached to an IgE




The Antigen Crosslinking

QD-IgE-FceRI complex



Frame From a Movie

Three QD-IgE-FceRI complexes are moving on
the membrane of a mast cell.



Dynamic Data

The green mesh is GFP labeled actin filaments.
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Dynamic Data

The green mesh is GFP labeled actin filaments.

The red dots are QD-IgE-FceRI complexes.

The cells are exposed to a dilute solution of anti-DNP IgE
labeled with quantum dots (QD-IgE complex).

. — p.32/5!



Dynamic Data

The green mesh is GFP labeled actin filaments.

The red dots are QD-IgE-FceRI complexes.

The cells are exposed to a dilute solution of anti-DNP IgE
labeled with quantum dots (QD-IgE complex).

Next, they are exposed to a concentrated solution of
unlabeled (dark) anti-DNP IgE.
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On and Off Quantum Dots

As a result, most of the FceRl in the cell membrane are in a
IgE-FceRI complex, but only a small percentage of the
complexes are labeled with a quantum dot.
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On and Off Quantum Dots

As a result, most of the FceRl in the cell membrane are in a
IgE-FceRI complex, but only a small percentage of the
complexes are labeled with a quantum dot.

Thus, at any given time, very few QDs are on.
For the stimulated cells, between 81 and 172 dots are on.

For the unstimulated cells, between 14 and 50 dots are on.

Consequently, statistics at any given time will be noisy.
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Following a Quantum Dot

Plot of big track 128, Stimulus = 1 ug/ml
TimeSteps = 959, t 0= 25.70s, t.= 73.65s, t = 10.00s

MaxDistX = 541.7nm, MaxDistY = 731.6nm

X missing

¢ end

[ ] [ ] [ ]
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Following Quantum Dots In Time

An important difficulty in analyzing the data is that the QDs
blink: they emit light for some period of time, then turn off
for a period of time and may repeat this several times.
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Following Quantum Dots in Time

An important difficulty in analyzing the data is that the QDs
blink: they emit light for some period of time, then turn off
for a period of time and may repeat this several times.

‘ Track '

Path

I —

0 1 1 1 0 0 1 0 1 1 0 0 1 0 0 0

i i

start end
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The Tracking Algorithm

The closer two dots are in successive frames, the higher
the probability that they will be connected.

. — p.36/5



The Tracking Algorithm

The closer two dots are in successive frames, the higher
the probability that they will be connected.

This produces a set of where the QDs are on in
successive frames.

. — p.36/5



The Tracking Algorithm

The closer two dots are in successive frames, the higher
the probability that they will be connected.

This produces a set of where the QDs are on in
successive frames.

Segments where the dot is off for up to 32 frames can be
connected probabillistically to make a

. — p.36/5



The Tracking Algorithm

The closer two dots are in successive frames, the higher
the probability that they will be connected.

This produces a set of where the QDs are on in
successive frames.

Segments where the dot is off for up to 32 frames can be
connected probabillistically to make a

Many of our algorithms do not depend on the paths.
They only use data where the dot is on in successive
frames.

. — p.36/5



Description of the Dynamic Data

A track is a list of the form
(xnaynavn)a 1§7’L§N,

where N is the total number of frames in the movie.
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Description of the Dynamic Data

A track is a list of the form
(xnaynavn)a 1§7’L§N,

where N is the total number of frames in the movie.
The position of the QD is P, = (2, y») -

If v,, = 1, the QD Is on, otherwise v,, = 0 and the QD is off.
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Description of the Dynamic Data

A track is a list of the form
(T Ynsn), 1<n <N,
where N is the total number of frames in the movie.
The position of the QD is P, = (., yn) -
If v,, = 1, the QD Is on, otherwise v,, = 0 and the QD is off.

For most of our analysis, we use the jumps between
frames:

—

j’r)z:ﬁn_Pn—l-
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Overview of the Dynamic Data

There are two independent data sets: A and B.

A B
stimulus | tracks jumps cells | tracks jumps cells
10,894 407,669 19 | 9,848 353,368 16
0.001 1,726 85,906 4 | 3,113 122,761 3
0.010 2,151 96,179 4 | 2,622 106,649 )
0.100 | 1,838 89,380 4 | 2,809 119,306 5
1,178 61,928 3| 2,327 123,053 )
10.000 | 1,802 91,142 4 | 3,060 139,236 5

Unstimulated corresponds to stimulus zero.
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Jump Analysis

If v, =1and v,,_; = 1 then,
jzzﬁn_ﬁn—172<n<N

IS a valid jump.
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Jump Analysis

If v, =1and v,,_; = 1 then,

j:z:ﬁn_ﬁn—172<n<N

IS a valid jump.

The lengths of the jumps are

Ly = ||l = VAXZ + AY2.

The angles between the jump vector and the z-axis are

©, = arctan(AX,,, AY,).
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Unstimulated Cell Data

To justify using time series analysis on the unstimulated
data jumps:
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data jumps:

We assume the data is ergodic in time and space;
We checked the data is stationary;

We checked that the autocorrelations in the jumps are
small.
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Unstimulated Cell Data

To justify using time series analysis on the unstimulated
data jumps:

We assume the data is ergodic in time and space;
We checked the data is stationary;

We checked that the autocorrelations in the jumps are
small.

Therefore we can combine jumps from different times and
locations.
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Jumps Are Stationary

Stimulus = 0 ug/ml

20 40 60 80 100 120 140
time (s)

The mean of the data Is near zero and standard
deviations jJump components are stationary.
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Jump Components

Stimulus = 0 ug/ml

‘A\\

0 e =
-300 -200 -100 100 200 300
X

Distribution of the = jump components and their

normal fit.
The jump components are not normally

distributed!
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Jump Angles and Lengths

For IID random walks, the components are
normally distributed if and only if the jJump angles
are uniformly distributed and the jump lengths
have a simple chi (Weibull) distribution.

The components of the jumps are not normally
distributed.

We checked that the angles are uniformly
distributed.

Therefore the jump components cannot have a
simple chi or Welbull distribution.



Jump Lengths PDF

Stimulus = 0.000 ug/ml

[ ] [ ] [ ] [ ] [ ] [ ] [ ] [ ] [ ]
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Finding a Fit

The general chi PDF is ¢(r, s, d) = ¢(r/s,d)/s where
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Finding a Fit

The general chi PDF is ¢(r, s, d) = ¢(r/s,d)/s where

2 R
24127 (d/2)

(& 2

c(r,d) =

The general Weibull PDF is w(r, s, k) = w(r/s, k)/s where

w(r, k) = krfle "
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Finding a Fit

The general chi PDF is ¢(r, s, d) = ¢(r/s,d)/s where

2 R
24127 (d/2)

(& 2

c(r,d) =

The general Weibull PDF is w(r, s, k) = w(r/s, k)/s where

w(r, k) = krfle "

The power law is p(r, s, a, B) = p(r/s, o, 3) /s, where

_ a(Bf—1)r*!

. — p.45/5!
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Behavior of the Jumps

All these distribution have the same power law
near r = 0:

p=Crit, d=3/2.

The fact that d is closer to 3/2 than to 2 indicates
the diffusion is in a fractal space of this
dimension.

The estimates of d are very consistent.

The power-law gives the best fit.
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Case 2: Stimulated Cells

Cells were stimulated at 10 seconds.

The motion of the QDs slows over a period of
time that becomes shorter with increasing
stimulus.

This is followed by a long tail of ergodic and sta-

tionary motion.



Standard Deviation for s = 0.001pg/m

Stimulus = 0.001 ug/ml

——data
— exponential
- = = power-law

60 80 100 120
time (s)




Standard Deviation for s = 0.010pg/m

Stimulus = 0.01 ug/ml

I H,l\ LM |

— exponential
- = = power—law




Standard Deviation for s = 0.100pg/m

Stimulus = 0.1 ug/ml

WW i

—data
—— exponential
- = = power—law




Standard Deviation for s = 1.000pg /m

Stimulus = 1 ug/ml

——data
— exponential
- = = power-law

v W ‘

80 100 120 140
time (s)




Standard Deviation for s = 10.000pg /1

Stimulus = 10 ug/ml

——data
— exponential
- = = power-law

i W




Time to Reach Stationary Motion

stimulus A B
0.001 | 24.15 5.15
0.010| 9.80| 37.80
0.100 | 53.15 | 100.95
1.000 | 19.30 | 22.50
10.000 | 3.05 6.75

The time In seconds after the stimulus was
added for the exponential fit of the standard
deviation of the jumps to become stationary.



Tail Jump Distributions

Stimulus = 0.001 ug/ml Stimulus = 10.000 ug/ml

150 200
r (nm)

The jumps In the talls are behaving as In the un-
stimulated data.

. — p.54/5!



Changes in the Jump Lengths

The time dependent changes in the jump lengths.



Dynamic Data Summary

The stimulated data has three parts: unstimulated until 10s,
then a decay, and then it becomes stationary.
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Dynamic Data Summary

The stimulated data has three parts: unstimulated until 10s,
then a decay, and then it becomes stationary.

We classify the stimuli into weak (0.001, 0.010) and strong
(0.100, 1.000, 10.000).

The effects of the weak stimuli are small and difficult to
guantify because of the noise in the data.

For the strong stimuli, the time it takes to reach stationarity
decreases rapidly with increasing stimulus.

For the tail jJumps, the power-law fits are the best.
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Future Research 1

We are in the process of building models of the dynamics
and clustering of receptors in the cell membrane after the
cell Is stimulated.
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Future Research 1

We are in the process of building models of the dynamics

and clustering of receptors in the cell membrane after the
cell is stimulated.

The static data provide very high spatial and low temporal
resolution of the receptor organization and the dynamic
data provide high temporal resolution but poor spatial
resolution of the receptor motion.

.~ p.57/5



Future Research 2

These models will need to reproduce the
statistics of the distribution of cluster including
the dependence of the clustering distance and
ratio on stimulation.



Future Research 2

These models will need to reproduce the
statistics of the distribution of cluster including
the dependence of the clustering distance and
ratio on stimulation.

These models will also need to reproduce the
rapid slowing of the motion of the receptors
under strong stimulation and statistics of the
stationary tail motion.
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