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ABSTRACT

The need for new antibiotics is great as bacterial strains with single and multiple drug resistance
have continued to grow more prevalent since the 1980's12. At the same time, the rate of
approval of new antibiotics has dropped precipitously'. Existing antibiotics commonly target the
bacterial ribosome 3A or cell wall synthetic pathways 5: two targets that are essential for bacterial
survival. However, another option is to target a pathway which is more intimately connected to
bacterial pathogenesis: protein secretion6.

In bacteria, most secreted polypeptides are pushed accross the membrane, via the SecYEG
channel, by the SecA ATPase 7. Relatively little is understood of how SecA couples ATP
hydrolysis to polypeptide translocation. X-ray crystallography and many biochemical studies
support a model in which the two-helix finger (2HF) of SecA pushes the polypeptide through the
SecYEG channel8-12, however some evidence is contradictory 13. We aim to directly measure
conformational changes of the 2HF by utilizing single-molecule Fbrster resonance energy
transfer (smFRET). Directly measuring conformational changes in an ATPase will also provide
further insight into the guiding principles of ATPase function.

First, we will build a smFRET microscope and assemble a software package to analyze the data
it collects. We will then validate these tools by reproducing results currently in the literature
from Holden et al. 14 and McKinney et al. 15. Next, we will assess the potential limitations of
current tools for smFRET data analysis, especially as applied to ATPases. We will propose a new
approach that may be useful in these systems. Finally, we will use the smFRET microscope to
measure ATP-dependent conformational dynamics of the 2HF. This evidence will help
differentiate between three proposed models: the 2HF (1) is not directly involved in polypeptide
translocation, (2) moves unidirectionally, directly driving translocation, or (3) moves back and
forth but in a way that is coordinated by ATP hydrolysis with progress capture elsewhere in
SecA.

Thesis Supervisor: Joseph J. Loparo
Title: Assistant Professor of Biological Chemistry and Molecular Pharmacology

Harvard Medical School
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1. Motivation and Background

The need for new antibiotics is great as bacterial strains with single and multiple drug
resistance have continued to grow more prevalent since the 1980's ,2. At the same time that
antibiotic resistance has been growing, the rate of approval of new antibiotics has dropped
precipitously along with the number of companies working to develop antibiotics for approval1 .
This sets the stage for a significant global health problem with rampant untreatable bacterial
infections. An exciting approach to solve this problem is to develop new antibiotics with
different targets than existing antibiotics in an attempt to circumvent resistance. Existing
antibiotics, to which some bacteria have developed resistance, commonly target the bacterial
ribosome 3,4 or cell wall synthetic pathways 5. These two targets are essential for bacterial
survival, but another option is to target a pathway which is more intimately connected to
bacterial pathogenesis: protein secretion6 .

1.1 Polypeptide translocation in bacteria: the SecA/SecYEG system

In bacteria, most secreted polypeptides cross the membrane via the SecYEG channel
complex 7 . SecYEG is a passive pore and requires either the ribosome or the SecA adenosine
triphosphatase (SecA ATPase) to push the polypeptide through the channel7 . Co-translational
translocation, in which the ribosome feeds the nascent polypeptide directly into the SecYEG
channel, is typical for polypeptides destined to be inserted into the plasma membrane after
escaping out the side of the SecYEG channel7 ,16. Most secreted proteins, however, are
translocated by the combination of SecYEG and the SecA ATPase7.

1.1.1 The passive SecYEG pore complex

The SecYEG pore complex is a heterotrimer made up of SecY, SecE, and SecG (these are
also referred to respectively as the a, -y, and 1 subunits)17. SecY makes up the bulk of the
channel and contains most of the transmembrane segments17, 18. SecE is smaller but still essential
for polypeptide translocation, while SecG is not essential for channel function in vitro9,20 or in
vivo21. The opening in the middle of the SecY complex is an hourglass shape with cytoplasmic
and periplasmic funnels, reducing interaction with the polypeptide chain to a ring of six
hydrophobic residues at the narrowest point: the pore ring (Fig. lA)1 7. The pore ring is about 5-8
A in diameter17, which, if left open, would easily allow ions and small molecules to flow freely
from one side of the membrane to the other. To preserve the integrity of the membrane, there is a
plug formed by a helical tilted transmembrane segment on the periplasmic side 18,22,23. The plug
swings out into the periplasm and then tucks in on the periphery of the complex to allow
polypeptides to pass through the pore (Fig. 1A&B)1 7.

Polypeptides which are to be transported by the SecA/SecYEG system start as
preproteins with a signal sequence which targets them to both SecA and SecYEG 24. When this
signal sequence and/or SecA interacts with SecYEG, the helices that form the channel shift open
and the plug moves (Fig. IB), priming the channel for polypeptide translocation 8,24. The signal
sequence is removed after translocation by signal peptidases7 . There is some disagreement in the

7



field as to the oligomeric state of SecYEG in the active translocon 7,12,25,26, but a recent study

indicates that a single copy of SecYEG is sufficient for polypeptide translocation 27.
The human homolog of SecY is Sec61 and it functions similarly in the endoplasmic

reticulum membrane: inserting proteins into the membrane, transporting proteins across the

membrane, playing a role in calcium signaling, and more 28. Mutations in Sec6l have been

associated with diabetes mellitus 29 and glioblastoma multiforme30. Like SecY, Sec61 associates

with an ATPase (BiP) during post-translational translocation of polypeptides. A Brownian

ratchet model has been validated for this process 31, but it is still unknown if SecA/SecYEG

operates via a similar mechanism.

1.1.2 The SecA ATPase

SecA is an ATPase which interacts with phospholipids, keeping it associated with the

membrane and increasing its local concentration around SecY11 32. SecA then binds to both

SecY8 and the substrate polypeptide 33,34 and coordinates ATP hydrolysis with pushing the

polypeptide through the SecYEG channel. Its ATPase activity is stimulated by SecY and the

preprotein substrate35 ,3 6 . Several experiments have indicated that SecA binds tightly to the

polypeptide substrate in its ATP-bound state but allows the polypeptide to slide more freely in its

ADP bound state11 ,37 . Upon ADP release, there is a large conformational change 38,39 which may

recapture the polypeptide. From these results, a "push and slide" mechanism has been proposed

in which SecA alternately pushes the polypeptide through the channel while hydrolizing ATP,

and then allows the polypeptide to diffuse while bound to ADP 1 .

A SecYEG B SecE
Plasmic

fun'ne
nne SecG

lipid
bilayerlu

-ami SecYlasm~

9

CD

,A HSD

NBD 1

Fig. 1: Basic structures of SecYEG and SecA. (A) Cartoon of a vertical cross-section of the

SecYEG channel with the motion of the plug upon channel opening indicated. (B) Cartoon of a

horizontal cross-section of SecYEG with opening motion of transmembrane helices indicated.

(C) Cartoon of SecA docked on SecYEG with the 2HF indicated. (D) Top (cytosolic) view of

SecA with domains labeled: helical wing domain (HWD), nucleotide binding domains (NBD 1 &
NBD2), polypeptide cross-linking domain (PPXD), and helical scaffold domain (HSD). The 2HF

is formed by the shorter 2 helices of the HSD. Structure in (D) and inspiration for others from

Zimmer et al.39.
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SecA consists of two nucleotide binding domains, a helical wing domain, a helical
scaffold domain (HSD), and a polypeptide-cross-linking domain (PPXD)8,40. The PPXD acts as
a clamp that traps the polypeptide 41, holding it in an extended conformation during
translocation' 0 . The two shorter helices of the HSD are called the two-helix finger (2HF) and
they sit within the cytoplasmic funnel of SecY with the loop connecting the two helices directly
above the SecY pore ring (Fig. 1 C&D)8. Protein cross-linking studies also confirm the close
proximity of the 2HF with the substrate polypeptide during active translocation 9. The HSD is
linked to a nucleotide binding domain and may transmit conformational changes to the 2HF8.
Mutation of residues in the loop of the 2HF indicate that a tyrosine (or a similarly bulky and
hydrophobic residue) is required for translocation activity9. From all this data, it is presumed
that the 2HF is responsible for actively pushing the polypeptide through the channel, though one
study indicates that cross-linking the 2HF of SecA to SecY does not abolish translocation 13.

1.2 Our approach: single-molecule Forster resonance energy transfer

Single-molecule F6rster resonance energy transfer (smFRET) is a powerful tool to
measure the distance between two fluorescent dyes (a donor and an acceptor) by measuring the
efficiency of energy transfer between them (the FRET efficiency) 42. The donor is excited by
laser light, and then some fraction of that energy is transferred to the acceptor while the rest is
emitted by the donor. Thus the relative intensities can be used to calculate the FRET efficiency.
The FRET efficiency is strongly dependent on the distance between the two dyes,

FRET efficiency = acceptor intensity 1
donor intensity + acceptor intensity 1 +

where R is the distance between the dyes and Ro is the distance at which the FRET efficiency is
one half (the Fbrster radius) and is dependent on the properties of the two dyes. The strong
dependence of FRET efficiency on inter-dye distance allows for precision measurements of
distances between about 2nm and 8nm 4 2 which is ideal for studying many conformational
changes in both DNA and proteins. smFRET has been used extensively to observe the
conformational dynamics of the ribosome 43-45. However, it has not been used to characterize
conformational changes in the other driver of SecYEG-mediated translocation: the SecA ATPase.

Previous biochemical work and even x-ray crystallographic studies suffer from the
limitation that they average over an ensemble of molecules. In order to get out vital mechanistic
information, the system must be locked in different conformations or perturbed rather severely.
In smFRET, we measure the distance between the donor and acceptor dyes in real time, for
individual molecules, in a minimally perturbed system. This is why the proposed study is well-
positioned to resolve the role of the 2HF in the coupling of ATP hydrolysis to polypeptide
translocation.

1.3 Specific aims

Aim 1. Demonstrate ability to measure dynamic conformational changes with smFRET
A smFRET microscope was newly built when I joined the lab. I will write software to

run the microscope and also analyze the data it acquires. I will then repeat two smFRET
experiments in the literature to validate our smFRET microscope as comparable to the current
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state of the art: one without dynamic FRET changes 14 and one with dynamic FRET changes1 5. I
will then use simulated data to develop analytical tools to prepare to analyze and interpret
smFRET data from a complex molecular motor.

Aim 2. Use smFRET to characterize ATP-dependent conformational changes in SecA
I will collaborate with Benedikt Bauer from the Rapoport Lab who has biochemical

expertise with the SecA/SecYEG system' 0"1 . We will purify labeled SecA/SecYEG complexes
and embed them in nanodiscs with biotinylated lipids. These can then be immobilized on a glass
slide and subjected to different buffer conditions as we take data with our smFRET microscope.
We will track the motion of the 2HF in real time when subjected to different nucleotide states.
This data can be used to analyze transitions and differentiate between existing models for the
2HF.

1.4 Significance

Recently, our understanding of ATPases has begun to evolve from a machine that cycles
through relatively static conformations based on nucleotide state, to one in which the ATPase
continuously explores all of its conformation space and the nucleotide state merely alters the bias
of this exploration 46 . Thus far, the majority of the support for this change in understanding has
come from molecular dynamics (MD) simulations 46, but the proposed study will provide an
empirical visualization of SecA exploring its conformation space. We will be able to directly test
the conceptual framework suggested by MD simulations by observing conformational changes in
SecA in different nucleotide states.

We plan to use smFRET in an innovative way. While smFRET has been used to observe
the conformational changes of the ribosome and tRNAs during translation4 7,48 , it has not been
used in a similar way on relatively small processive ATPases like SecA. We hope that our
success encourages others to use similar methodology to decipher the conformational changes of
many more enzymes.

In addition, our results add to a body of evidence helping to resolve the dispute over the
role of the SecA 2HF in the translocation of polypeptides. Our functional assay can be used to
study the SecA/SecYEG system as well as assess the functional impact of small molecules. Our
assay and results may provide crucial insight and allow the development of antibiotics which
target the SecA/SecYEG system.
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2. Single-Molecule Forster Resonance Energy Transfer

2.1 Introduction

Single-molecule F6rster resonance energy transfer (smFRET) is the powerful
combination of a single-molecule approach with FRET microscopy allowing the detection of
nanometer-scale distance changes on individual substrates with high time resolution (-100 ms).
We intend to use this approach to measure conformational changes in the SecA 2HF. First, we
must create and validate a microscope and software package capable of performing such
experiments and analyzing the collected data.

We will begin with a brief discussion of the microscope components used and the
software which drives the system and records the movies. We will then review the flow cell
platform which allows us to sparsely immobilize constructs for direct observation with the
microscope. We will then discuss the two sets of control experiments which demonstrate the
ability of our smFRET setup to generate publication-quality data. The first is a static FRET
construct which demonstrates the ability of our microscope to resolve distance differences on the
order of 0.34nm. The next experiment utilizes a dynamic FRET construct and demonstrates our
ability to detect multiple states and transitions between them.

2.2 Materials and Methods

For a more complete review of materials, methods, and physics involved in a typical
smFRET experimental setup the reader is referred to Roy et al.4 2. Here, we will only present a
brief overview of the setup with more detail on the most salient points and those elements which
were developed or optimized by the author.

2.2.1 Optics, flow cell, imaging conditions

2.2.1.1 Optics

Experiments were conducted on an OlympusTM inverted microscope with an OlympusTM
UPlanSApo 100x objective with a numerical aperture of 1.40. Two CoherentTM lasers at 532nm
(Sapphire TM ) and 641nm (Cube TM ) were used to directly excite the Cy3 and Cy5 dyes,
respectively. The optics utilized along the beam path are outlined in Figure 2-1A. Each beam
passes through a beam expander lens pair and an aperture to remove the edges of the beam where
the intensity is non-uniform.

When the excitation beam enters the objective, the beam is focused and refracts such that
it undergoes total internal reflection at the boundary between the glass slide and the sample (see
Figure 2-1B). This creates an evanescent excitation wave which falls off exponentially, greatly
reducing any background fluorescence by only exciting a small volume of sample closest to the
objective. This technique is called total internal reflection fluorescence (TIRF) microscopy 42.

Reflected or scattered excitation light, along with fluorescence emissions, emanate from
the sample and pass through the objective on their way to our detector. A dual view set-up (see
Figure 2-1C) uses dichroic and plane mirrors to separate the two emission wavelengths and then
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Fig. 2-1: Microscope optics and flow cell platform. (A) A diagram showing the optics along the

beam path of each of the two lasers. Drawn as though both shutters are open, but one shutter is

open at a time during experiments. (B) Illustration of how the TIRF evanescent field is achieved.

(C) Diagram of the dual view and camera setup which separates Cy3 emission wavelengths and

Cy5 emission wavelengths and focuses the two resulting images side-by-side on the detector. (D)

Cartoon illustrating how the flow cell is used to immobilize dually labeled constructs for

imaging.
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focus them next to each other on the detector. This creates an image where the left side is the
signal from Cy3 emission wavelengths and the right side is the signal from Cy5 emission
wavelengths. The detector is a Hamamatsu EMCCD camera (model C9100-13).

2.2.1.2 Flow cell for sample imaging

We use a simple flow cell with a functionalized glass coverslip on the bottom to facilitate
sparse immobilization of substrates, simplify buffer exchange, and allow all this to be done while
imaging on the inverted microscope (see Figure 2-ID). The flow cell is made by cutting a
channel out of double-sided tape (a 2 mm by 17 mm rectangle), sandwiching this tape between a
quartztop and a functionalized coverslip, and sealing the edges with epoxy. Fluid can be injected
or drawn through the channel through holes in the quartztop. The glass coverslip at the bottom
of the flow cell is functionalized with a mixture of polyethylene glycol (PEG) and <5% biotin-
PEG. The surface of the flow cell is incubated with neutravidin, which then allows us to
immobilize biotinylated constructs on the glass while the PEG helps prevent non-specific
binding. Our lab has used this approach successfully in many previous single-molecule
experiments 49-51. A detailed protocol for the functionalized cover slips and the flow cell
assembly can be found elsewhere5 2.

2.2.13 Alternating laser excitation

Each beam passes through a Uniblitz TM shutter (model VS14S2TO) which allows us to
rapidly switch excitation lasers during an experiment, a technique called alternating laser
excitation (ALEX). Code was written in LabViewTM to interface with the shutters and the
camera through a National Instruments USB-6009 data acquisition card, linking the laser shutters
to the camera trigger for each frame. This way, the user can set the number of frames for
exposure to each laser and the software will switch between the lasers automatically when the
camera begins to fire. The timing of the shutters must be very precise to avoid bleed-through.
The timing was optimized using an oscilloscope connected to both a photodiode in the beam path
and the output from the camera trigger. Thus the timing could be set in the software to ensure
that each laser's on or off occurred within 2ms of the desired camera trigger (see Figure 2-2).
This is sufficient precision as the exposure times used are either 50ms or 100ms.

2.2.1.4 Imaging conditions

Photobleaching (when a fluorophore loses its fluorescence after absorbing too many
photons) is of great concern in single-molecule fluorescence experiments. We utilize a
protocatechuic acid/protocatechuate-3,4-dioxygenase (PCA/PCD) oxygen scavenging system to
reduce photobleaching 3 and add a triplet state quencher (Trolox) to reduce blinking54. PCA,
PCD, and Trolox are added directly to the buffer we intend to use during imaging to a final
concentration of 10mM, 50nM, and 200pM respectively. They are added between a few minutes
and a few hours before imaging to allow the PCA/PCD to reduce the oxygen concentration, but
not allow them to lose their activity5 3. However, photobleaching still occurs in our experiments.
It will be quite obvious if the donor photobleaches because the spot will disappear, but if only the
acceptor photobleaches it will appear as a decrease in FRET efficiency. We overcome this
ambiguity by utilizing our ALEX setup to occasionally probe the acceptor dye directly.

13
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Fig. 2-2: Alternating laser excitation timing optimization. Note that the camera triggers fire at

the same time that the lasers switch every I OOms. There is almost no gap time between laser on/

off and the camera trigger (it is less than 2ms).

2.2.2 Image registration of two channels

The images that we collect have Cy3 emission on the left half and Cy5 emission on the

right half. However, the two halves of the image represent the same physical space in the

sample. In order to make sense of these images, we must be able to transform coordinates from

the Cy3 image into the same physical location represented in the Cy5 image. This process is

called image registration.
In order to calculate a transformation function, we must have a series of points for which

we know the coordinates in both images, called control points. It is best if these points are

distributed evenly over the image; perhaps ideally one would have an array of many evenly

spaced control points. We accomplished this by shining white light (which is visible in both

channels of the dual view) through an array of holes in a metal film. We call this array our

nanoGrid. It was nano-fabricated for us by Dr. Daniel Floyd. The holes are so small (~100 nm

in diameter) that the bright spots we see are diffraction-limited. The centers of each spot in one

channel must be matched with the center of the same spot in the other channel. This is done by

taking a separate image of the corner of the array of holes. Pairing the corner hole in each

channel generates a linear transformation "guess" that is close enough for us to pair all the spots

across the field of view in the original image filled with spots. Next, we can fit the spots to

Gaussians and calculate the exact center of each with sub-pixel accuracy. We do this for each

one-second exposure in a ten frame movie and average the center coordinates for each spot

across the ten frames. Using these precise coordinates of control points from both image

channels, we can create a locally-weighted mean transformation function to map coordinate

changes between the images 55. With this method, we typically achieve transformation functions

with a target registration error of less than 10 nm, allowing us to confidently colocalize spots

appearing in both channels.
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2.2.3 Data analysis software

We created a graphical user interface (GUI) in MATLABTM to assist in and automate the
data analysis. The GUI guides the user through the process of creating the image registration
function, selecting the desired movie files, identifying local maxima in the movies (bright spots),
filtering these spots, fitting the spots to determine their intensity in each frame, and finally
selecting intensity traces which correspond to FRET-positive spots with appropriate
stoichiometry of dyes.

2.2.3.1 Finding the transformation function

After opening the parent GUI (fretAnalyzeGUI), the user enters the nanoGridGUI where
they are guided through selecting the nanoGrid corner image (described in 2.2.2) and evaluating
the approximate X and Y linear translation from one channel to the other. Once these values are
set, the user will load the movie file of the nanoGrid array (usually 10 frames with 1 s exposure
times). It is essential that this movie be acquired under conditions that do not saturate the
detector; otherwise the identification and fitting of spots will be quite poor due to the lack of
strong local maxima. Next, the user will set the boundaries for the two image channels,
removing any overlap. Next, the program will find and pair all spots above a threshold which are
within both channel boundaries. Then the user can proceed to fitting the spots, or adjust
parameters as needed. Finally the nanoGridGUI will use the fitted centers of the spots to
determine the locally weighted mean registration function. In addition, the target registration
error (TRE) will be calculated as a measure of the accuracy of the transformation function. This
is calculated by removing one pair of control points, calculating a new locally weighted mean
transformation function, and using this to predict the location of the missing control point. The
error in this prediction is averaged over all control points and this is reported as the TRE. The
program reports the TRE in units of pixels; one pixel is about 1l7nm in the sample. The
transformation function and the TRE will be automatically saved (along with all the other
parameters) inside the fretAnalyzeGUI figure handle in a data structure called nanoGrid.

2.23.2 Analysis settings and movie file selection

Next, the user will return to fretAnalyzeGUI and set the settings in the settings GUI.
Here, we set the ALEX scheme (number of frames of each excitation laser), the fitting method,
and the spot finding algorithm type, along with several less important and more self-explanatory
settings. The fitting method can be set to calculate spot intensities in four different ways: (1,
fastRawSum) find the background from a gaussian fit to an average of several frames and
estimate intensity using the raw sum of pixel values minus the background, (2, integrated) find
the intensity from a gaussian fit to every spot in every frame, (3, rawSum) use a gaussian fit to
find the background in every frame but use the raw sum of pixels minus background for
intensity, or (4, fastFit) find the intensity from a gaussian fit but fix the center position to the
center found at the start of the movie and fix the sigma to the predicted sigma of the point spread
function for our microscope geometry. We have had the best results with fastFit as it is less
computationally intensive and is able to tolerate noise in the data without being overly sensitive.
The spot finding algorithm type can be set to find spots by starting in different channels. The
algorithm finds spots in one channel and then checks to see if these spots also exist at that
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location in the other channels. We have the best luck with starting in the direct excitation of the
acceptor channel (AexAem) as this usually has the lowest background and the best signal to
noise ratio.

2.233 Finding the regions of interest

Then the user will enter the spotFindGUI which guides the user through the process of
finding and filtering potential FRET spots. This works by averaging the first several frames of
each laser excitation separately in each emission channel. This creates 3 meaningful images:
donor excitation donor emission (DexDem), donor excitation acceptor emission (DexAem), and
acceptor excitation acceptor emission (AexAem). The DexAem signal is from FRET. There is
no AexDem because FRET cannot happen from the acceptor to the donor. The user sets pixel
value thresholds for each of these three images. We are typically very permissive with these
thresholds as raw pixel value is very susceptible to noise. We set the minimum thresholds just
above background (about 2 standard deviations above the mean of the background signal, in
practice this is about 1000 above the mean background raw pixel value). We often leave the
maximum thresholds set at infinity, and only use them when there are large aggregates in the
field of view that must eliminated. The program finds colocalized spots that satisfy the
thresholds in all channels by thresholding the images, finding local maxima, and pairing across
channels. The result should be a very large number of candidate spots (several hundred per
movie). Next, the user sets fitting thresholds (such as spot width, background, and intensity) and
the program fits all the spots on the list and only keeps them if they satisfy these fitting
thresholds. The most important threshold here is the sigma value as this is the best marker of a
true point source. We have had success with using thresholds on the sigma values of 0.5 to 2.0.
To set the background thresholds for the fitting, check the approximate value of the background
in the raw movie and go a bit above and below this (we usually use a plus or minus 1000 as
described above). The output after the application of the fitting thresholds is a much shorter list
of spots. All of this data and the parameters for the filtering are saved in the fretAnalyzeGUI
figure handle in a data structure called spotFind.

2.23.4 Analyzing and filtering the data

Next, the user returns to fretAnalyzeGUI and analyzes the data. This takes quite some
time as the program fits every spot, in every channel, for every frame. Next, the user can apply
some automated filtering if desired. This allows the user to input various thresholds to be
applied to smoothed or raw data which will automatically crop and/or reject traces. This does
not alter the raw data, only the filtering indices that produce the final data. We only recommend
applying these filters when the output is well-characterized and the user knows exactly what to
look for. Additionally, the user can go through each trace and crop or filter the data manually as
desired. This allows spots with multiple acceptor dyes (too bright a signal or two step
photobleaching) to be filtered out. It also allows each trace to be cropped before photobleaching
occurs. All of this data is stored in the fretAnalyzeGUI figure handle; the raw data is stored in
the data structure called fretData while the filtered data is stored in a data structure called final.
All of the data structures can be saved permanently as a *.mat file from the fretAnalyzeGUI.

We later developed a wrapper script (runme.m) to run this full GUI on a directory full of
movie files so long as all the parameters are saved in a file called Tform also within the directory.
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This makes analyzing larger data sets much easier. Further details of the software and its use can
be found in the program documentation.

2.2.4 Static FRET control experiments

For these experiments, we utilized the 16, 17, and 18 base-pair separation DNA
constructs described by Holden et al. except that we used Cy3/Cy5 as the donor/acceptor pair
instead of Cy3B and ATTO647N' 4. These constructs have a biotin at one end of the DNA duplex
to facilitate immobilization and TIRF imaging. They also contain a FRET pair with varying
base-pair separation between the two dyes (see Figure 2-3A). The constructs were assembled by
annealing and ligating synthetic oligonucleotides ordered from Integrated DNA Technologies,
Inc (IDT). All labeling was performed by IDT. These constructs were imaged in a TE buffer
(20mM Tris, 2mM EDTA, 50mM NaCl, pH 7.5) with PCA, PCD, and Trolox as described in
section 2.2.1.4. Movies were taken with continuous 100ms exposures and the EM gain set to
maximum (255). The ALEX scheme used was 5 frames of 532nm excitation followed by 1
frame of 641nm excitation. All data were analyzed by our in-house software package described
in 2.2.3.

2.2.5 Dynamic FRET control experiments

For these experiments, we utilized the Holliday junction FRET construct from McKinney
et al., ordering the oligonucleotides they report 15 from IDT and annealing them to recreate the
Holliday junction construct depicted in Figure 2-4A. We utilized the FRET imaging buffer that
they report (10mM Tris, 50mM NaCl, pH 8.0) except that we used the PCA/PCD and Trolox
system above instead of the glucose/glucose oxidase system that they report15 . Movies were
taken with continuous 100ms exposures and the EM gain set to maximum (255). The ALEX
scheme used was 5 frames of 532nm excitation followed by 1 frame of 641nm excitation. All
data were analyzed by our in-house software package described in 2.2.3.

2.3 Results

2.3.1 Static FRET control results

Utilizing the dually labelled DNA duplexes described in 2.2.4 and depicted in Figure
2-3A, the data analysis software package easily picked out many FRET-positive spots in each
field of view (see Figure 2-3B). The program then followed those spots through each frame of
the movie to create donor and acceptor intensity traces as well as FRET efficiency traces (see
Figure 2-3C). These traces maintain a constant FRET value with small oscillations around a
mean. The FRET values obtained by following each spot in one field of view for one second are
binned into histograms shown in Figure 2-3C. Note that the mean FRET efficiency value of each
histogram shifts lower as the distance between the donor and acceptor fluorophores increases by
0.34nm with each additional base-pair.

17



2.3.2 Dynamic FRET control results

We tracked dynamic FRET changes due to stacking conformer exchange in the Holliday

junction construct depicted in Figure 2-4A. Traces demonstrated transitions between two FRET

states as shown in Figure 2-4B. The donor and acceptor intensities are well anti-correlated in

these transitions. The histogram of FRET efficiencies shows two peaks (see Figure 2-4C), one

for each of the states seen in the single-molecule trajectories. While the static FRET constructs

generated histograms well fit by a single gaussian (see Figure 2-3C), the dynamic Holliday

junction construct generates a histogram which is fit very poorly by a singe gaussian (see Figure

2-4C). However, it is fit well by the sum of two gaussian distributions, one centered at 0.19 and

the other centered at 0.73.

2.4 Discussion

The static FRET control experiments in Figure 2-3 demonstrate our ability to visualize

individual dually-labeled molecules and measure their FRET efficiency over time. We are able

to measure this FRET efficiency with similar noise to that reported in the literature 4 . Our
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B c 3 emission C 5 emission
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Fig. 2-3: Static smFRET control experiments. (A) A cartoon of the DNA constructs used. A
biotin allows for immobilization within the flow cell. The donor (Cy3) and acceptor (Cy5)

fluorophores are a set distance apart as indicated. (B) Sample of our raw imaging data with spots

identified in both channels (1/4 field of view shown) and sample single-molecule intensity and

FRET efficiency traces. (C) FRET efficiency histograms for each of three inter-dye distances

collected in one field of view for one second. Even with this small amount of data, we can see

the difference in mean FRET due to the different inter-dye distances.
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normalized FRET efficiency histograms for the data collected from short DNA duplexes
demonstrate our ability to resolve inter-dye distance changes that are the length of a single base
pair or 3.4A (see Figure 2-3C). Our ability to capture this difference with one second of data
demonstrates the quality of our time resolution.

The dynamic FRET control experiments in Figure 2-4 demonstrate our ability to measure
multiple FRET states explored by a single molecule. We are able to show that two distinct
FRET states exist in this population of molecules, and that both states are explored by each
molecule. This gives us confidence to proceed to working with more complex experimental
systems.
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Fig. 2-4: Dynamic smFRET control experiments. (A) A cartoon of the DNA constructs used.
The donor (Cy3) and acceptor (Cy5) fluorophores are indicated by the colored stars. Cartoon

adapted from{McKinney:2005ia} (B) Sample single-molecule trajectory showing well anti-
correlated Cy3 and Cy5 intensities and transitions between two FRET states. (C) Normalized
FRET efficiency histogram fin with a one state and a two state model. The two state model has a

much higher R2 value.
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Taken together, these results demonstrate our ability to generate publication-quality
smFRET data for both static and dynamic FRET systems. In the next chapter we will discuss
better ways to analyze dynamic FRET traces so that multiple FRET states and transitions
between them can be more reliably detected.
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3. Hidden Markov Modeling and Analysis of smFRET Trajectories

3.1 Introduction

While the technique of fitting the raw FRET histogram with a sum of gaussians shown in
Figure 2-4C allowed us to detect the presence of two states in the system, the approach becomes
less viable as the number of FRET states increases. We would like to analyze the individual
traces in such a way that each FRET state can be detected as well as each transition between the
states. This way we can reliably extract information about the types, frequency, and kinetics of
transitions as well the precise values of each FRET state. To do this, we create a model which
we think may describe the system (states and transitions) and then optimize the model
parameters to best fit the data. We do this for several models containing different numbers of
states and then use statistical methods to pick the one which best describes the data with a
minimal number of states.

3.1.1 Hidden Markov models

In order to create a potential model for the system, we must make certain assumptions
about how the system behaves. In the literature on analysis of dynamic smFRET traces, it is
always assumed that the system is Markovian42 ; that is, its behavior at the next time step is solely
determined by its current state. Because we always assume that the system is Markovian, we
model the system using a hidden Markov model (HMM). A cartoon of a HMM is shown in
Figure 3-1 with panel A showing the "hidden" model and panel B showing the data that might
come out. It is said to be "hidden" because all we measure is the apparent FRET efficiency, but
behind that measurement is a system transitioning between states that we cannot directly
observe. Two other assumptions in addition to the Markovian assumption are typical in this
HMM: (1) the observed FRET values for each state are gaussian distributions around a constant
mean value, and (2) transitions between states are governed by a single transition probability
matrix containing the probabilities for each state of remaining in that state or transitioning to any
other state. It follows directly from assumption (2) that the transition kinetics are exponential,
consistent with a single rate constant dominating the kinetics of each transition. These
assumptions are limitations on the power of HMM, but many biological systems behave in
accordance with these assumptions. Later in this chapter, we will see what happens with the
assumptions start to break down.

One example of a system which we expect to be described well by a HMM is the
stacking conformer exchange in the Holliday junction construct described in chapter 2. We
expect there to be two states, and transitions between these states likely occur in a single kinetic
step (we expect exponential kinetics). The transition probabilities and therefore kinetics are
expected to be invariant over time and should not depend on any memory in the system of its
prior state path. We will show that a HMM describes this system well in section 3.3.1.
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Fig. 3-1: Hidden Markov models (HMMs). (A) Diagram of a sample HMM. Three states, and

the transition probabilities for each transition are shown. Each time the system is measured, it

returns a FRET value selected from the gaussian probability distribution for its current state. (B)

Sample simulated trace for the HMM in A. The state model is in grey and the output is in blue.

3.1.2 Toy Models for smFRET studies of ATPases and other enzymes

We are interested in using smFRET to study a small ATPase: SecA. Due to the defined

nucleotide hydrolysis cycle of an ATPase, it is entirely possible that an ATPase has effective

memory of its previous state path. Analysis of the resulting data by HMM may fail due to the

incongruence with the assumption of a Markovian system. We will explore this by creating a

series of toy models, each with four FRET states (we chose four thinking of the nucleotide states:

ATP, ADP*Pi, ADP bound, and no nucleotide). Some of these models will be obligate cycles,

always moving forward through the defined states, and others will be reversible to varying

degrees. Some models will be Markovian, and others will have behavior dependent upon their

prior state path. We will see how HMM fits the data simulated from each toy model and try do

determine when the HMM breaks down and what can be done in these situations.

3.1.3 Determining the number of states

After fitting data with a series of HMMs with different numbers of states, one must

determine which model best describes the data with a minimal number of states. There are three

major methods of accomplishing this utilized in the current literature: (1) fitting the raw FRET
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histogram to a sum of gaussian distributions and identifying the best fit with the fewest terms 56as
in Figure 2-4C, (2) compiling a histogram of FRET transitions detected by the HMM, fitting to a
theoretical model and minimizing the Bayesian information criterion57, and (3) finding the model
which maximizes the evidence (another Bayesian statistic) 58. We will compare the ability of
these methods to accurately determine the number of states in our toy models and discuss the
limitations of each.

3.2 Methods

3.2.1 Generation of simulated data

Data was simulated from toy models using code written in MATLABTM utilizing user-
defined transition probabilities and reaction rates. First, the model was simulated, generating a
trace with no noise and infinite time resolution. Next, we create simulated experimental data to
reflect this model by averaging over the exposure time of each frame, and adding gaussian noise.
The amount of noise matches the noise observed in our initial control experiments.

3.2.2 Software packages utilized

Throughout this work, we have tested several different freely available HMM software
packages: HaMMy 57, vbFRET 59, and ebFRET58. The first uses maximum likelihood to optimize
each model and relies on the user to then apply the Bayesian information criterion to find the
optimal number of states 57. Both vbFRET 59 and ebFRET use maximum evidence to optimize the
model to the data58-59. vbFRET finds the HMM that maximizes the evidence for each trace
individually, while ebFRET finds the HMM which maximizes the evidence across all traces for
several numbers of states 58,59. The developers of ebFRET also claim that maximum evidence can
be used to determine the appropriate number of states 58. We have found that vbFRET and
ebFRET seem to be the most useful; we use ebFRET for all HMM of data presented in the
figures herein.

3.3 Results

3.3.1 Hidden Markov models applied to dynamic FRET control results

When we use ebFRET to fit the Holliday junction data from 2.3.2, we see that the model
easily detects the two states and transitions between them (see Figure 3-2A). If we make a 2-
dimensional histogram counting each transition such that its initial FRET value is on the
horizontal axis and its FRET value after the transition is on the vertical axis (this histogram is
called the transition density plot, or TDP), we can see two clear peaks (see Figure 3-2B). This
indicates that there are two states and the molecules are transitioning between these states.
Additionally, we can look across several HMMs with different numbers of states and see how
they perform in maximizing the evidence (see Figure 3-2C). The two-state model maximizes the
evidence, confirming what we suspected given the FRET histogram (see Figure 2-4C) and the
TDP (see Figure 3-2B). This is how one justifies the selection of one model over another.

This analysis works very well for the simple Holliday junction system. Below, we
examine how this approach performs in the context of our toy models and simulated data.
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3.3.2 Cyclic models with and without memory

The first toy models we consider are those that move through FRET states on a defined

path, always moving in the same direction through a cycle. This is a simple model chosen based

on our desire to study an ATPase. Since the ATPase cycle is well-defined and usually thought of

as unidirectional, we expect the FRET state cycle to also be well-defined and unidirectional.
Two such irreversible cycles are depicted in the leftmost panels of Figures 3-3A and

3-3B. The first of these moves through four distinct FRET states in a prescribed order. For this

toy model, the HMM with four states maximizes the evidence and fits the data well except for

occasionally missing transitions which occur too quickly to resolve (see Figure 3-3A). We also

note that the TDP is asymmetric because only forward transitions and no reverse transitions are
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Fig. 3-2: HMM of the dynamic smFRET control data. (A) The same sample trace shown in

Figure 2-3B but now fit with the 2-state HMM. (B) Transition density plot (TDP) tabulating all

transitions detected by the 2-state HMM. (C) The mean log evidence for HMMs with different

numbers of states. The 2-state model maximizes the evidence.
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allowed (see Figure 3-3A). This is what we would expect if the SecA 2HF moves in a
unidirectional cycle coordinated with ATP hydrolysis.

It is possible, however, that the 2HF could move in such a way that two distinct states on
the reaction coordinate have the same FRET value. This case is depicted in the leftmost panel of
Figure 3-3B. If we consider the two degenerate FRET states to be identical, then this system has
memory, that is, it is non-Markovian. This is because it remembers which direction it is moving
(increasing or decreasing FRET). Surprisingly, the HMM with four states still fits the data quite
well and matches with the sequential movement through states (the memory of the system is
captured), but it maximizes the evidence by a much less convincing margin. The TDP is now
symmetric because the second half of the cycle looks like the reverse of the first half. The
question now is how to appropriately determine the number of states for a case like this. We will
address this in section 3.3.4.

3.3.3 Reversible models with and without memory

To further probe the limits of HMM in our toy model, we next investigated the effect of
adding some reversibility to the cycle. In the "slightly reversible" case (see Figure 3-3C), the
system has a 90% chance of moving forward and a 10% chance of moving backward at each
transition. For consistency, the traces and TDPs shown are still for the HMM with four states,
but we now see that the maximum evidence favors the three-state model. The evidence plots and
TDPs look nearly identical for the "somewhat reversible" (75% forward, 25% backward), and
the "completely reversible" (50% forward, 50% backward) cases shown in Figures 3-3D and
3-3E respectively. It is worth noting that the "completely reversible" case is truly a three-state
model as the two degenerate FRET states are now completely indistinguishable. Again, we ask
if we can do anything else to appropriately determine the number of states in these not
completely reversible cases.

3.3.4 A new approach in determining the number of states

To rephrase the problem outlined above, current approaches to HMM model selection
and number of states determination have difficulty with systems which have memory. Three
methods to determine the number of states were presented in section 3.1.3: (1) fitting of the
FRET histogram with multiple gaussians, (2) the TDP and Bayesian information criterion
approach, and (3) the maximum evidence approach. The first runs into difficulty with larger
numbers of states and cannot hope to distinguish between degenerate FRET states. The second
relies solely on the TDP so it misses the issue of memory as can be seen by comparing the TDPs
in Figure 3-3B through 3-3E. These TDPs are essentially identical yet they represent systems
with varying degrees of memory. The third approach uses maximum evidence, but this also fails

Fig. 3-3 (next page): Simulated data. For each model there is a color-coded model cartoon, a

sample single-molecule trace, a TDP, and a plot of the mean log(evidence). (A) A Markovian

irreversible cycle with distinct FRET states. (B) A non-Markovian irreversible cycle with

degenerate FRET states. (C) Same as B but with a 10% probability of going backwards at each

transition. (D) Same as B but with a 25% probability of going backwards at each transition. (E)
Same as B but with equal probabilities (50%) of going forward and backward at each transition.

This is truly a three state system as the two degenerate states are indistinguishable.
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to convincingly capture additional states when memory is present (see Figure 3-3B through E).
The memory of the system is evident only in the single-molecule traces where one can

observe the ordering to the transitions. To aggregate and present the data in an intuitive way, but
retain the information captured by the individual traces, we developed a new TDP that counts
later transitions. The normal TDP will be called TDP+O because it counts each transition and
plots it using the FRET value before and after that transition. We will also look at the TDP+l
which looks at each transition and plots the FRET value before the transition and the FRET value
not after this transition but after the next transition. We will also look at the TDP+2 which
similarly plots each transition with the FRET value before and the FRET value after 3 transitions
have occurred. This allows us to see if there is any pattern or bias to the way the molecules are
moving between states. In Figure 3-4, we show these three TDPs for each of the toy models
presented in Figure 3-3. One difference is that we used the HMM with the minimum number of
states suggested by the evidence: four for the first model and three for each of the rest. For the
models we tested, the TDP+1 provides a clear metric of the degree of memory. If we consider
the 0.2 and 0.8 FRET states and look at the intensity of peaks on the bottom left to the top right
diagonal (hereafter called "the diagonal") compared to the intensity of peaks off this diagonal,
we see that the on-diagonal peaks are extremely small in systems with memory and the off-
diagonal peaks are much larger (see Figure 3-4A and 3-4B). As the system loses memory,
intensity is taken away from the peaks off of the diagonal and moved to peaks on the diagonal
(see Figure 3-4C through E). This is quantified in Figure 3-5 where we look at slices from the
TDP+1 for the 0.2 and 0.8 FRET states. We can now take the ratio of the intensities of the peaks
off the diagonal to those on the diagonal. This ratio is close to one for reversible systems (see
Figure 3-5 D) but much larger than one for ordered systems (see Figure 3-5A). We believe that
this approach can be used in conjunction with maximum evidence to determine the true number
of states in the system and if the system demonstrates memory.

3.4 Discussion

3.4.1 Limitations of the transition density plot

The traditional TDP (i.e. TDP+0) is often shown in publications as a way to aggregate
and summarize a large number of dynamic single-molecule traces. However, it suffers from
limitations that have been exposed in the above simulations. The TDP+0 does not capture any
kinetic information, nor does it necessarily capture the order in which a system moves through its
FRET states. As shown in Figure 3-3, systems with different patterns of moving through states
can all have the same TDP+0. This is especially problematic for those who intend to use the
TDP+0 to determine the number of states in the system as has been suggested in the literature57.
We propose the TDP+n series to visualize the presence of ordering in the movement between
states and differentiate between many models that produce the observed TDP+0.

Fig. 3-4 (previous page): A new TDP to visualize transition ordering. For each model there is a
model cartoon, a TDP similar to those in Figure 3-3 now called TDP+O, a TDP+1, and a TDP+2.
Models (A) - (E) are the same as in Figure 3-3 and are described in that figure caption.
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Fig. 3-5: Quantification of the TDP+l for detection of ordering. For each model there is a
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normalized histogram of the data contained in each slice. The ratio of the off diagonal (blue) to

the on diagonal (grey) intensity is shown for each slice. Models (A) - (D) are the same as models

B - E in Figure 3-3, respectively.
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3.4.2 Limitations of Markov models

Before performing these simulations, we expected that the HMM software might not be
able to fit data from processes with memory because these are by definition non-Markovian. We
were pleasantly surprised to find that ebFRET does a good job detecting ordering of states when
memory is perfect (see the trace in Figure 3-3B). While ebFRET fits the traces well, the
maximum evidence does not strongly suggest the correct number of states (four in our case).
However, using the HMM to find the three non-degenerate FRET states, we can then use the
TDP+n to identify the presence of ordering or memory in the transitions. This enables us to
determine the correct number of states and the ordering of occupancy. All this information was
present in the HMM fit but traditional approaches to finding the number of states are not able to
capture it.

3.4.3. Determining the number of states

We propose a new method to supplement existing HMM techniques by looking at the
data in a new way to detect ordering in the system. The goal is to detect ordering in a state path
that would otherwise be hidden by traditional methods of aggregating data (see Figure 3-3). Our
approach works under two assumptions that we feel are reasonable for the investigation of
ATPase motor proteins: (1) FRET states are stepped through in order with almost no FRET
transitions displaying large changes in FRET by skipping over intermediate states, and (2) there
are only three FRET states distinguishable by their FRET efficiency. Our approach is likely
applicable to systems with more FRET states with some minor alterations, but we will continue
to treat only the three state case for simplicity. As for the first assumption, we expect this to hold
because an ATPase must be moving through a defined cycle of conformations. If each nucleotide
state had a different FRET value, the ordering would be apparent from the traditional TDP (see
Figure 3-3A). If each nucleotide state does not have a distinct FRET value, but there are still
FRET transitions for each nucleotide state transition, this system is in agreement with our
assumption.

Our approach to determine the number of states and the presence of ordering is to (1)
analyze the data with ebFRET and choose the HMM which maximizes the evidence, (2) ensure
that this HMM satisfies the assumptions above, (3) compile the TDP+1 and take vertical slices at
the lowest and highest FRET states, and (4) calculate the ratio of the intensity of the peaks off the
diagonal versus those on the diagonal (as in Figure 3-5). There are three cases: (1) both ratios
are much greater than one indicating that the system is well-ordered, (2) the average of the ratios
is close to one indicating that the system is likely completely reversible, and (3) both ratios are
much less than one. In case three nearly all of the TDP+1 intensity is on the diagonal indicating
that the dominant behavior is to return to the previous state. This describes a system which is
reversible, but remembers where it was before and is therefore non-Markovian.
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4. smFRET Experiments with the SecA/SecYEG System

4.1 Introduction and working models

With the validated smFRET microscope and data analysis tools described above, we look

to directly observe the role of the two-helix finger (2HF) in SecA's ATP-driven translocation of

polypeptides through the SecYEG channel. We will dually label the SecA ATPase and directly

observe large ATP-dependent conformational changes in the 2HF utilizing our smFRET
microscope. Before looking at any data, however, let us explore what we might expect to see

and propose two models that we may be able to help distinguish based our data.
SecA is a motor protein, coupling ATP hydrolysis to progressive pushing motion to

translocate a polypeptide substrate unidirectionally. The most intuitive model of how this might

work is a "unidirectional pushing model" (see Figure 4-1A). The 2HF moves in a defined

unidirectional cycle such that it only pushes the substrate in one direction. We expect that the

resulting FRET model would be similar to one of of the cyclic models presented in section 3.3.2.
Less intuitive, but equally plausible, is a "separate progress capture model" (see Figure

4-B). In this model, the 2HF moves back and forth. If that were all that happened, then no

translocation would take place. However, in this model we propose that ATP coordinates the

timing of the 2HF pushing with a clamp that captures progress such that the clamp is released

during a forward push, but engaged during retrograde motion of the 2HF. We expect that the

resulting FRET model for this type of motion would be similar to one of the reversible models

presented in section 3.3.3.

polypeptide substrate

r
lipid
bilayer%

-2HF power stroke

B

clamp -

clamp open clamp closed clamp closed clamp open clamp open

Fig. 4-1: SecA/SecYEG working models. The cartoons match Figure 1, but now the polypeptide

substrate is also drawn in. (A) A unidirectional pushing model. (B) A separate progress capture

model where the 2HF moves back and forth in concert with an opening and closing of a substrate

clamp.
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4.2 Materials and methods

4.2.1 Protein labeling, purification, and experimental conditions

This portion of the work was carried out by our collaborator, Dr. Benedikt Bauer, in the
lab of Dr. Tom Rapoport (professor of cell biology at Harvard Medical School and an HHMI
investigator). A full description of sample preparation and imaging conditions can be found in
Dr. Bauer's PhD thesis.

Briefly, SecA was dually labeled at the 2HF and the PPXD. Labeled SecA was purified in
complex with SecYEG and polypeptide substrate. This complex was then embedded in
nanodiscs containing a lipid bilayer with a small fraction of biotinylated lipids (see Figure 4-2).
In preparation for imaging, the complexes were immobilized in a flow cell (described in section
2.2.1.2) via the biotinylated lipids. Next, imaging was conducted in an imaging buffer with
PCA, PCD, and Trolox, as well as either ATP or ADP Beryllium Fluoride (ADP BeFx).

4.2.2 Data analysis

Data analysis was performed using the software described above: the package developed
by the author for identifying spots and fitting them to create traces, and ebFRET to perform the
HMM. To be sure we only accepted traces from actively translocating complexes, only those
traces with more than two transitions were accepted in the final analysis.

4.3 Results

Donor and acceptor intensity traces for individual SecA/SecYEG complexes show anti-
correlated transitions resulting in large, dynamic FRET efficiency changes. This confirms that
the 2HF is highly mobile. We see these dynamic FRET transitions in the presence of ATP, as we
expected, but also in the presence of ADP BeFx (a tightly bound nucleotide analog) as shown in
Figure 4-3A. We expected SecA to be locked in one conformation when bound to ADP BeFx,
but instead find that it still transitions between FRET states.

Next, we compiled TDPs and raw FRET histograms (see Figure 4-3B). The most striking
feature of the TDPs is that they are both very symmetric, showing that forward and reverse

bitIn'I l*iid s

!!!77--2HF

Fig. 4-2: SecA/SecYEG smFRET construct. A cartoon the dually-labeled SecA/SecYEG/

substrate complex embedded in a lipid bilayer supported by a nanodisc (toroidal shaped protein

scaffold). The approximate location of the Cy3 and Cy5 labels are indicated.
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transitions happen with equal frequency. We also notice that the TDP for ATP is spread out along
either side of the diagonal. This is consistent with the 2HF actively exploring a large
conformational space by taking smaller but discrete steps along the way. The large peaks in the
TDP for ADP BeFx are restricted to a much smaller range of FRET values. This is consistent
with the 2HF being much more restricted in its exploration. It can still access all the FRET states
as we can see from the width of the raw FRET histogram, but it ventures out much less
frequently.

The maximum evidence method of selecting the number of states indicates a three state
model (see Figure 4-3C), but we showed in chapter 3 that this may be misleading. The TDP+n
series is shown in Figure 4-3D indicates no detectable ordering to the transitions. We can see
from the TDP+1 in particular that the dominant activity is always to return to the state from
which you just came. This is consistent with the 2HF diffusing mostly randomly through FRET
states.

4.4 Discussion

Preliminary results from smFRET studies of SecA/SecYEG indicate that the 2HF
undergoes large conformational changes in the presence of ATP. In the presence of ADP BeFx,
this same conformational space is explored, but much less actively. The 2HF is restricted more
to intermediate FRET states rather than readily exploring the two extremes. These results
provide direct evidence of the relatively new model for ATPases presented in section 1.4: that
ATPases continuously explore all of their conformational space and the nucleotide state merely
alters the bias of this exploration4 6 . Our results also show that the 2HF of SecA undergoes large
ATP-dependent conformational changes consistent with it playing a central role in polypeptide
translocation.

We also show that the 2HF seems to diffuse through these FRET states in a mostly
random manner, with the FRET change of each transition being small compared to the range of
FRET values explored. This suggests that the 2HF diffuses back and forth between two extreme
conformations, but with intermediate FRET states along the way making multiple stopping
points on this random walk. This is inconsistent with the unidirectional pushing model proposed
in Figure 4-1A, and suggests that the separate progress capture model (see Figure 4-B) is more
likely.
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5. General Conclusions

5.1 Overview of current progress

We have successfully developed and validated a smFRET microscope as well as the
software tools to run the microscope and analyze the data collected. We have also begun to test
the limits of HMM software using simulated data and developed a new way to aggregate and
visualize data to assist in the interpretation of the number of states and the elucidation of the
"hidden" model even when it is non-Markovian.

We were able to apply these tools to experiments conducted on the SecA/SecYEG system
to investigate the role of the 2HF in polypeptide translocation. While our results are preliminary,
they support several key insights: (1) the 2HF undergoes large ATP-dependent conformational
changes, (2) the 2HF continuously explores all of its conformational space regardless of
nucleotide state but the relative populations of these conformations are altered by nucleotide
state, (3) the motion between states is mostly random which is consistent with the separate
progress capture model (see Figure 4-B).

5.2 Future directions

The TDP+n is currently a valuable tool for the researcher to quickly assess and share
qualitative results, but this approach could be made more rigorous. More work is needed on the
TDP+n concept to develop tests of statistical significance related to the ratios calculated from the
slices in Figure 3-5.

Further experiments are needed on the SecA/SecYEG system to establish reproducibility,
improve signal-to-noise, and provide additional statistical power for fitting and conclusions. It is
also necessary to compare our results with a control in which SecA is dually labeled but not on
the 2HF. This should confirm that ATP-dependent conformational changes occur much more
actively at the 2HF than they do elsewhere in SecA. This control experiment will provide vital
support for our conclusions about the role of the 2HF.
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