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Focus

Well... Statistical inference may sound “too theoretical,” but it is often needed to extract 
information from data:
✴Sometimes suggests a new kind of measurement that tests a model more stringently, or 

distinguishes two different models more completely, than previous measurements.
✴Sometimes our model is not obviously connected with what we can actually measure 

experimentally, and we need to make a connection.
✴Sometimes the model that interests us involves the behavior of actors that we can only 

see indirectly in our data; theory may be needed to separate them out from each other, 
and from noise.

There’s more, of course, but that’s enough to get started.

“If your experiment requires statistics, then you ought to have done a
 better experiment.” -- Ernest Rutherford
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Part I: 

men

mortal

*
In classical logic it’s fairly easy to spot errors of inference.

Suppose I stood here and said “all men are mortal; Socrates is mortal; therefore Socrates is 
a man.”

But what if I said “92.7% of all men are mortal...” Suddenly we find such questions tricky.

P. Nelson, Physical models of living systems (WH Freeman and Co 2015)
Thursday, December 11, 14



G. Gigerenzer, Calculated risks

An everyday question in clinical practice

Here are the replies of 24 practicing 
physicians, who had an average of 14 
years of professional experience:

Frequency
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Work it out
We are asked for P(sick|+) = B/(B+D).

A=Sick, –

B=Sick, +

C=Healthy, –

D=Healthy, +

A=Sick, –

B=Sick, +

C=Healthy, –

D=Healthy, +

But what we were given was P(+|sick) = B/(A+B).

A=Sick, –

B=Sick, +

C=Healthy, –

D=Healthy, +

These are not the same thing: they have different 
denominators. To get one from the other we need some 
more information:

B
B+D = B

A+B ⇥ A+B
B+D

P (sick|+) = P (+|sick)⇥ P (sick)

P (+)

Posterior 
estimate
(desired)

Prior
estimate
(given, 0.3%)

Likelihood
(given, 50%)

Still need this

A=Sick, –

B=Sick, +

C=Healthy, –

D=Healthy, +
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Finish working it out

A=Sick, –

B=Sick, +

C=Healthy, –

D=Healthy, +

P (sick|+) = P (+|sick)⇥ P (sick)

P (+)

Is that last factor really important?
P(sick) was given, but we also need:
P (+) = B +D

=
B

A+B
(A+B) +

D

C +D
(C +D)

= P (+|sick)P (sick) + P (+|healthy)P (healthy)

= (0.5)(0.003) + (0.03)(0.997) ⇡ 0.03

P (sick)

P (+)
⇡ 0.003

0.03
⇡ 0.1

Yes, it’s important: a positive test result 
means only a 5% chance you’re sick. Not 
97%.

Bayes Formula:
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 F.I.O.N.A.A. Yildiz, et al. Science 2003

How does one measure myosin steps to within a few nm accuracy using visible 
light? The diffraction-limited spot is at least 200 nm wide!
The key point is to realize that although we cannot resolve two spots closer than 
this, sometimes all we want is to detect motion of one spot.

Fluorescence Imaging at One Nanometer Accuracy...

curve-fitting the image [also called the point-
spread function (PSF)] to a Gaussian function
(20, 21). The fundamental goal is to deter-
mine the center or mean value of the distri-
bution, ! " (x0, y0), and its uncertainty, the
standard error of the mean, #!. By measuring
the position before and after a step, the step
size can be determined. The relation between
#! and the number of collected photons (N),
the pixel size of the imaging detector (a), the
standard deviation of the background (b,
which includes background fluorescence
noise and detector noise), and the width of the
distribution (standard deviation, si, in direc-
tion i), was derived by Thompson et al. in
two dimensions (18)

#!i ! !" si
2

N
"

a2/12
N

"
8$si

4b2

a2N2 (1)

where the index i refers to the x or y

direction. The first term (si
2/N) is the pho-

ton noise, the second term is the effect of
finite pixel size of the detector, and the last
term is the effect of background.
Cy3 DNA localization and nanometric

steps. Control experiments were done to dem-
onstrate the ability to localize an immobile dye.
Figure 2A shows the PSF of several individual
Cy3 dyes attached to a coverslip via a DNA-
biotin-streptavidin linkage, immersed in an aque-
ous buffer, and imaged with objective-type TIRF
with an integration time of 0.5 s (14). For the
highlighted PSF, N " 14,200 photons, a " 86
nm, b " 11, sy " 122 nm, sx " 125 nm [the
full-width at half-maximum (FWHM) of the dis-
tribution, %i " 2.354; si & 287 nm]. On the
basis of Eq. 1, the expected #! is 1.24 nm in
each direction. Photon noise only (first term,
Eq. 1) leads to #! " 1.02 nm, pixelation
(second term, Eq. 1) increases #! to 1.04 nm,

and background noise (third term, Eq. 1)
increases #! to 1.24 nm, showing that photon
noise is the dominant contributor to #!. A
two-dimensional (2D) Gaussian analysis
(Fig. 2B) yields an excellent fit (r 2 " 0.994;
'2

r " 1.48) (fig. S2), with #! " 1.3 nm, in
excellent agreement with the expected value.

In addition, conditions have been found in
which the dye is extremely photostable, often
lasting for 1 to 3 min, enabling hundreds of
0.5-s images to be acquired (fig. S1). The use
of an oxygen-scavenging system containing
glucose oxidase and catalase (22) was an
essential component in this photostability.
The oxygen scavenging is similar to that
reported previously (23, 24 ), although an ex-
act comparison is not possible because essen-
tial details were not previously reported.

Under these conditions, the highlighted PSF
lasted 50 s, or 100 images, before photobleach-
ing in a single step, for a total of (1.4 million
collected photons (fig. S1). We measured the
center position of the PSF in each image and
calculated the standard deviation for the 100
images. This should equal #! of one PSF
image if there is no drift or systematic error.
We found the standard deviation is 1.46 nm,
showing that the positional change of our sys-
tem due to thermal fluctuations and vibrations
is less than a nanometer and does not signifi-
cantly affect our measurements on the “several
minutes” time scale.

We then horizontally moved the coverslip
containing the Cy3-DNA molecules via a nano-
metric stage in user-defined increments to test
our ability to accurately and precisely measure
step sizes. Figure 2, C and D, show measure-
ments of 30 nm and )8 nm steps, with either a
constant dwell time between steps or an expo-
nentially distributed dwell time between steps.
The latter is expected for a biomolecular motor
that takes a step upon interaction with diffusing
ATP. The precision is better than 1.3 nm, and the
accuracy, determined by comparison to a cali-
brated stage, is better than 1 nm (14). Similar
quality results were also achieved with 12-nm
steps (fig. S3).
Step sizes of myosin V head. Next, we

labeled myosin V on the light chain domain of
the head (Fig. 1) with a single bifunctional rho-
damine [bisiodoacetamidorhodamine (BR)] (6,
25) or with monofunctional Cy3 (26). The la-
beled myosin V was added to F-actin filaments
immobilized on a coverslip and observed using
TIRF. Fluorescent images were collected with
0.5-s integration time. Roughly 20 individual spots,
corresponding to different myosin V’s, were ob-
served per 40 !m by 40 !m area. Each had a
FWHM of &280 nm. Approximately 5,000 to
10,000 photons per spot per image were collect-
ed, enabling us to locate the center to within * 3
nm typically, and, for brighter spots, * 1.5 nm.
Some variation in intensity due to dye blinking
was observed (Movie S1). After many images
were analyzed, we found that the vast majority

Fig. 2. PSF with 0.5-s integration time of several individual Cy3-dyes attached to a coverslip. (A) The
intensity of each peak varies due to nonuniform illumination. (B) A Gaussian curve-fit (solid lines) to the
PSF circled in (A) fits the PSF very well (r 2"0.994), enabling the center to be determined to 1.3 nm. The
width of the PSF is 287 nm, and the SNR is 32 at the pixel with maximum intensity (I0 photons): SNR"
I0/+I0,b

2; I0 " 1134, b " 11. The fit contains small systematic errors due to the difference between
a Gaussian and Airy function, leading to '2r- 1 ('

2
r" 1.48) (14). The dye lasted for 100 images, or 50 s

(fig. S1). Discernable 30-nm and(7-nm steps are readily observed (C and D) upon moving the coverslip,
either at a constant rate or a Poisson-distributed rate, with a nanometric stage and plotting the PSF
center versus time. Red lines show the average position between each step. The precision (SD, #, of the
step size) is approximately 1 nm, and the accuracy [difference between the measured step size via PSF
fitting (!) and the expected step size (!ex) based on the calibrated stage] is better than 1 nm (14).

R E S E A R C H A R T I C L E S

27 JUNE 2003 VOL 300 SCIENCE www.sciencemag.org2062
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Part II: Superresolution microscopy
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Its log is simple:

lnP(x⇤ | x1, . . . , xM ) =

MX

i=1

⇥
� 1

2 ln(2⇡�
2
)� (xi � x⇤)

2
/(2�

2
)

⇤
.

We wish to maximize this function over x⇤, holding � and all the data {x1, . . . , xM}
fixed. The beauty of this approach is that it can be generalized to include more

a accurate point-spread function, background, etc.

The posterior probability is

P(x⇤|x1, . . . , xM

) = const.⇥ 1p
2⇡�

2
e

�(x1�x⇤)
2
/(2�2)⇥· · ·⇥ 1p

2⇡�

2
e

�(xM�x⇤)
2
/(2�2)

want this...
(uniform prior)

likelihood is the product of 
independent terms

know these...
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https://www.youtube.com/watch?v=RE70GuMCzww

But usually we want an image, something a lot more structured than one point of light.

P. Nelson, Physical models of living systems (WH Freeman and Co 2015)
Thursday, December 11, 14
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Can we obtain the nice features of FIONA, but for an image with more than just one object?

See movie: http://www.sciencemag.org/content/suppl/2006/08/08/1127344.DC1/1127344s1.mov. 
(Betzig et al 2006)

Partial summed molecule TIRF image (center) and PALM image (right) 
constructed during the acquisition of 300 single molecule frames (left) out of the 20,000 
frames used to construct the images in Fig. 2.  Scale bar is 0.5 µm. 
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Epifluorescence versus PALM recording of a cryoprepared section
from a mammalian cell expressing a lysosomal transmembrane
protein tagged with a photoswitchable protein; both images were
recorded with a TIRF setup. PALM resolution ranges between 20 and
60 nm, whereas individual protein localizations can be 2 nm (12).

tion like STED and GSD. Applying only Imax < Is
gives the diffraction-limited resolution of an ideal
confocal system (49). Is is similar in magnitude to
that in STED because the same molecular states
are used involving the same spontaneous rates.
Because it records “negative data,” SPEM requires
a computational construction of the image and
hence an excellent signal-to-noise ratio in the raw
data. Recording is performed sequentially in time
by translating and rotating line-shaped zeroes
that are >l/2n apart from each other and
reading out the data with a camera. Initial real-
izations (33) displayed a lateral resolution of 50

nm with beads (after the required computation),
thus also demonstrating the potential of line-
shaped, quasi-widefield parallelized recording
also for other A, B pairs.

The ultimate saturable transition is a photo-
switch (29–31), because the absence of sponta-
neous interstate transitions implies Is→0 and
hence a huge Imax/Is at low Imax. Photoswitching
between isomerization or binding states, of which
only Ayields fluorescence, is found in reversibly
photoactivatable relatives of the green fluorescent
protein, such as asFP595 (50) and dronpa (51),
and in photochromic synthetic compounds. The

signal is gained by repeated excita-
tion to a transient fluorescent state
A↔A*. Initial experiments with
asFP595 evidenced breaking
Abbe’s barrier by cis-trans photo-
isomerization with ultralow Imax ≈
10 W/cm2 (34); similar results were
obtained with switchable organic
fluorophores (52). Selecting long-
lived chemical states A and B
highlighted that subdiffraction res-
olution is possible at ultralow inten-
sities and indicated the potential of
both protein and dye photoswitching
for breaking Abbe’s barrier (29–31).
Conversely, these experiments also
revealed the Achilles’ heel of any
concept using reversible saturable
transitions, which is the finite num-
ber of cycles possible between A
and B. However, cycling is required
while reading out molecular en-
sembles from targeted coordinates
with diffracted beams (Fig. 2). The
reason is that ensuring state A at a
chosen coordinate means that nearby
molecules must be switched to B.

This problem is avoided in
photoactivatable localization mi-
croscopy (PALM) (12, 14) and
stochastic optical reconstruction mi-
croscopy (STORM) (13), in which
single molecules are read out from
random coordinates. To this end, a
single molecule is switched on or
activated (B→A) such that the next
activated one normally is further
apart than >l/2n; it is then repeat-
edly excited (A↔ A*) to render N
photons forming a magnified dif-
fraction spot on a camera. Switch-
ing off adjacent molecules is not
needed because they are off (in B)
already. Knowing that only a single
molecule is in A allows the cal-
culation of its coordinate from the
centroid of the spot with precision
~l=ð2nsin a

ffiffiffiffi
N

p
Þ. The last step is

to switch off the registered mol-
ecule, or at least confirm that it is

off, so that another one can be switched on and
read out. Thus, the image is assembled mole-
cule by molecule by means of a single switch-
ing cycle B→A→B′ per molecule.

PALM switches off by bleaching, implying
that B may be different from B′, greatly ex-
panding the range of useful compounds (12),
whereas in STORM B = B′ (13). PALM images
of thin cryosections of lysosomal transmembrane
protein in a mammalian cell displayed a resolu-
tion of <25 nm (Fig. 4D). Both approaches
require the adaptation of the intensity to the mo-
lecular concentration, and in both methods the
resolution varies with the brightness of the mol-
ecules that are chosen to represent the object in
the image. So far PALM involved recording
times of hours, but with potentially 103 to 104

recorded photons per 1 ms, >1000 fluorophores
from the diffraction zone could be recorded
in a second with 10-nm precision in 2D (14).
Recording with a camera provides a large field of
view while impeding the imperative background
rejection. For that reason, PALM was initially
demonstrated with <100-nm thin sections and
with a total internal reflection (TIRF) 2D
recording scheme (12). The blur associated
with defocusing single molecules should help
expand the method to 3D imaging and, once
background is dealt with, also to live cells.

Nanolocalization of individual fluorophores
was extensively pursued in the past (28, 53).
Tracing the bleaching events in fluorophore
clusters resolved individual molecules at nano-
meter distances (54). Likewise, individual quan-
tum dots could be separated by disentangling
their stochastic excursions to dark states (55).
Indeed, separating and localizing individual
fluorophores differing in their spectra (56) has
been realized several times since it was proposed
(57). It has also been known that any process
allowing the allocation of N detected photons to
the same point in the sample (out of the
statistical evaluation of a photon stream) im-
proves the resolution in far-field microscopy
and, in fact, gives “infinite” resolution for
N→∞ (58). However, all these precursors did
not specify a definite molecular mechanism that
would have enabled the sequential readout of
an arbitrarily large number of fluorophores,
such as the photoswitching between two states.

Most recently, nonswitching fluorophores
were also used to form a B→A→B′ cycle by
using a specific binding to the target cellular
structure B→A and subsequent bleaching A→B′,
yielding images (59). Complementary to the
ensemble concepts, the single-molecule ap-
proaches expand the potential of nanoscale
imaging. As PALM and STORM obtain their
resolution in part computationally, images should
be compared with those of the all-physical
methods after a deconvolution. The resolution
of the latter can be further increased by recording
with a pixelated detector, so that both the
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C

Fig. 4. Side-by-side comparisons. (A) Confocal versus 4Pi axial (xz)
image of microtubules in a neuron: 4Pi image displays 140-nm z
resolution; lens of a = 74° and with two-photon excitation at
800 nm. The plain 4Pi image is due to a narrow solitary peak without
lobes; mathematical lobe-removal is not required. (B) Unlike the
confocal reference, the STED image reveals the spatial order of self-
assembled fused silica nanobeads containing a fluorescence core
(45). (C) Neurofilaments in human neuroblastoma recorded in the
confocal mode (left) and with STED after nonlinear deconvolution
(right) displaying a focal plane resolution of 20 to 30 nm (39). (D)
Epifluorescence versus PALM recording of a cryoprepared section
from a mammalian cell expressing a lysosomal transmembrane
protein tagged with a photoswitchable protein; both images were
recorded with a TIRF setup. PALM resolution ranges between 20 and
60 nm, whereas individual protein localizations can be 2 nm (12).

www.sciencemag.org SCIENCE VOL 316 25 MAY 2007 1157
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Two-color STORM distinguishes two kinds of objects. You might not have 
realized from the conventional image on left that the green filaments are 
narrower than the red objects.

Bates et al.. Science (2007) vol. 317 (5845) pp. 1749-1753
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(See movie http://zhuang.harvard.edu/movies/STORM_Movie1.mpg)
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Many thanks to Haw Yang. See also Lucas P. Watkins and 
Haw Yang J. Phys. Chem. B 2005

Part III: Changepoint analysis in single-
molecule TIRF

JF Beausang, Yale Goldman, PN

✴Sometimes our model is not obviously connected with what we can actually measure experimentally, 
and we need to makes a connection.

✴Sometimes the model that interests us involves the behavior of actors that we can only see indirectly in our 
data; theory may be needed to separate them out from each other, and from noise.

Thursday, December 11, 14



Myosin V stepping

The approach I’ll discuss involves attaching a 
bifunctional fluorescent label to one lever arm. The 
label has a dipole moment whose orientation in 
space reflects that of the arm.

Defects in myosin V are associated with human immunological and neurological disorders.

We’d like to know things like: How does it walk? What are the steps in the kinetic 
pathway? What is the geometry of each state?
One classic approach is to monitor the position in space of a marker (e.g. a bead) attached 
to the motor. But this does not address the geometry of each state.
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θ1

Myosin V stepping
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θ2

Myosin V stepping
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θ3

Myosin V stepping
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θ3

θ4

To read out the orientation, we send in polarized light and see how many 
fluorescence photons, in each polarization, emerge.

Myosin V stepping
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Fluorescence illumination by the evanescent wave eliminates a lot of noise, and 
importantly, maintains the polarization of the incident light.
To tickle the fluorophore with every possible polarization, we need the incoming light 
to have at least two different beam directions.

Polarized total internal reflection 
fluorescence microscopy

Quartz
Slide

Aqueous
Medium

Microscope
Objective

Fluorescent
Emission

Evanescent
Field

Excitation
Laser BeamGlass  Prism
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pol-TIRF setup
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pol-TIRF setup

Up to 8 incoming 
polarizations; 2 outgoing 
polarizations
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Previous state of the art

JN Forkey et al. Nature 2003

Left: binned photon counts in 8 channels.
Right: Polar and azimuthal angles of the fluorescent label, inferred from data on the left. 
You could easily miss a short-lived state -- e.g. the elusive diffusive-search step (if it 
exists). Can we do better?

For our purposes, the upshot is that: We need to know the arrival rates of 
photons in each of several channels. Unfortunately, existing analyses gave 
pretty noisy determinations, with pretty poor time resolution.
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The problem is that the total photon counts from a 
fluorescent probe may not be very informative. 
Here we divided a time period of interest into 20 
bins. There is some Poisson noise in the photon 
counts.
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If we classify the photons by polarization and bin them 
separately, that reveals a definite changepoint. But when 
exactly did it occur? Probably not at the dashed line shown, 
but how can we be more precise?

ph
ot

on
 co

un
t

If we choose wider bins, we’ll get worse time resolution; if 
we choose narrower bins, we’ll get worse shot-noise errors.
Can we evade the cruel logic of photon statistics?

sequence number
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0.8
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CDF of PFI's

Key point: binning the data destroyed some information. 
Something magical happens if instead of binning, we just 
plot photon arrival time versus photon sequence number. 
Despite some ripples from Poisson statistics, it’s obvious 
that each trace has a sharp changepoint, and moreover that 
the two changepoints found independently in this way are 
simultaneous. 
(A similar approach in the context of FRET was pioneered 
by Haw Yang.) JF Beausang, YE Goldman, and PCN, Meth. Enzymol. 487:431 (2011).
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Now that I have your attention
•Why did that trick work? How did we get such great time resolution from such cruddy data?

•How well does it work? If we have even fewer photons, for example because a state is short-
lived, how can we quantify our confidence that any changepoint occurred at all?

•Could we generalize and automate this trick? Ultimately we’ll want to handle data with multiple 
polarizations, and find lots of changepoints.

Focus on just one “flavor” of photons (e.g. one polarization). 
Suppose that in total time T we catch N photons at times t1,... tN.
We wish to explore the hypothesis that photons are arriving in a Poisson process with rate R from time 0 to 
time t* , and thereafter arrive in another Poisson process with rate R’.
We want to find our best estimates of the three parameters t*, R, and R’, and compare the null hypothesis 
that there was no change.

To do this, we need the Bayes formula, which involves the “likelihood,” the probability that the data we 
actually observed would have been observed in a world described by our model with particular values of the 
unknown fit parameters:

log P (t1, . . . , tN |R,R⇥, t�) =
t�/�t⇥

k=1

log

�
R �t if a photon in this slice
(1�R �t) otherwise

+
T/�t⇥

k⇥=t�/�t+1

log

�
R� �t if a photon in this slice
(1�R� �t) otherwise
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Now: Divide the N photons into n that arrived before the putative changepoint, and n’=N-n that 
arrived after.
Take the limit                   : �t� 0

OK, duh, that was no surprise! But it does explain why we can just lay a ruler along the cumulative 
plot to get our best estimate of the before and after rates. 
More interestingly, we can substitute these optimal rates into the formula for P to find the 
likelihood as a function of putative changepoint:

P ⇡ N log(�t) + n logR+ n0
logR0 �

⇣ t⇤
�t

� n
⌘⇣

R�t
⌘
�

⇣T � t⇤
�T

� 1� (N � n)
⌘⇣

R0
�t

⌘

⇡ const + n logR+ n0
logR0 �Rt⇤ �R0

(T � t⇤)

log P (t1, . . . , tN |R,R⇥, t�) =
t�/�t⇥

k=1

log

�
R �t if a photon in this slice
(1�R �t) otherwise

From previous slide: In total time T we catch N photons at times t1,... tN.
Hypothesis is that photons are arriving in a Poisson process with rate R from time 0 to time t* , and 
thereafter arrive in another Poisson process with rate R’.

+
T/�t⇥

k⇥=t�/�t+1

log

�
R� �t if a photon in this slice
(1�R� �t) otherwise

Maximize this first over R and R’:

R = n/t� , R⇥ = n⇥/(T � t�)
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Here’s some very fake data; the photons arrive 
uniformly, not at random.

Here are two lines corresponding to 
non-optimal choices of the 
changepoint. We’d like to see the 
likelihood function and how it 
selects the “right” changepoint, 
which for fake data is known.

Illustration

Our log-likelihood function has 
a huge peak as a function of 
putative changepoint time.
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Left: Some data, shown in traditional binned form and in 
the improved version.

Below: Likelihood function for placement of the 
changepoint. Dashed line, maximum-likelihood point. 
Black triangle: Actual changepoint used to generate the 
simulated data. The analysis found a robust changepoint, 
even though there were a total of just 200 photons in the 
entire dataset.

JF Beausang, YE Goldman, and PCN, Meth. Enzymol. 487:431 (2011).
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Payoff
Oh, yes--it also works on real experimental data, multiple-
channel data, data with many different changepoints...
Previously, people would take data from multiple 
polarizations, bin it, and pipe the inferred intensities into a 
maximum-likelihood estimator of the orientation of the 
fluorophore. 
That procedure leads to the rather noisy dots shown here. 
One problem is that if a transition happens in the middle of a 
time bin, then the inferred orientation in that time bin can be 
crazy.
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Here the solid lines are the inferred orientations of the probe 
molecule during successive states defined by changepoint 
analysis. We see a nice alternating stride in φ.

We got a 50-fold improvement in time resolution for 
finding changepoints, compared to the binning 
method, without changing the apparatus.

JF Beausang, YE Goldman, and PCN, Meth. Enzymol. (2011); JF Beausang, DY Shroder, PCN, and YE Goldman, Biophys J (2013).
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Summary Part III
✴When you only get a million 

photons, you’d better make every 
photon count.

✴A simple maximum-likelihood 
analysis accomplishes this.

✴In the context of TIRF it can 
dramatically improve the tradeoff 
between time resolution and 
accuracy.

✴That can help you find substeps, 
like the diffusive-search step in 
myosin-V’s kinetic scheme.

JF Beausang, DY Shroder, PCN, and YE Goldman, 
Biophys J (2013).
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Go long

“Overfitting: The biggest scientific problem you’ve never heard of.”
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Power laws are ubiquitous

Again... these two models 
have vastly different 
likelihood scores.

OK, this is not biophysics. But it would be the same figure if I were 
talking about enzyme turnovers. 

How much weight should I give to data in the tail? Depends on how 
reliable they are, but also on what the model says there. Different points 
convey different amounts of information.

Likelihood takes care of all that.
P. Nelson, Physical models of living systems (WH Freeman and Co 2015)
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Go longer
Often, when we want to justify physical modeling, we scratch our heads and say, 
“Well Hodgkin and Huxley was a big deal.” 
Indeed. But that sort of cherry-picking approach can leave the impression that this is 
something that happens every 50 years or so. It’s also too reverent.

Another context in which theory enters laboratory discussions is, “We need some 
theory to get this thing published. Go do some theory, run some ANOVA, 
whatever.”
I’d just like to suggest that this attitude, though common, misses out on some of 
what theory can do for you. 

Getting back to the opening point, I’d say theory is needed every day. It’s our 
microscope; our Geiger counter; it helps us to see the invisible. It squeezes out the 
information from the data. To emphasize that, I didn’t select famous examples; 
instead I have told you about the two things I happen to be working on right now (a 
random choice, you’ll agree).

We like to teach famous success stories in science. When appropriate, let’s remember 
to present them as showcases of the utility of physical modeling. Let’s communicate 
to our students the “unreasonable effectiveness of physical models in biology.”
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Thanks

University of Pennsylvania NSF DMR, 
BIO, IBN

NSF NSEC

For these slides see: 
www.physics.upenn.edu/~pcn
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D. S. Sivia and J. Skilling
Data analysis: A Bayesian tutorial
Oxford Univ. Press 2006

(Things I wish I’d read earlier)

H. J. C. Berendsen
A student's guide to data and error analysis 
Cambridge Univ. Press 2011

P. Nelson
Physical models of living systems
WH Freeman and Co 12/26/2014

P. Nelson and Tom Dodson
Student’s guide to physical modeling in 
MATLAB
Free at 
www.physics.upenn.edu/biphys/PMLS

Jesse Kinder and P. Nelson
Student’s guide to physical modeling in 
Python
Coming soon to lulu.com

M. Denny and S. Gaines
Chance in biology
Princeton Univ. Press 2000

Louis Lyons
Discovery or fluke: statistics in particle physics 
Physics Today, 2012

For these slides see: 
www.physics.upenn.edu/~pcn
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