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ABSTRACT

STOCHASTIC MODELING TO EXPLORE THE CENTRAL DOGMA OF MOLECULAR

BIOLOGY AND TO DESIGN MORE INFORMATIVE SINGLE-MOLECULE, LIVE-CELL

FLUORESCENCE MICROSCOPY EXPERIMENTS

Despite being described nearly a century ago, the Central Dogma of Molecular Biology still

harbors many intricacies and mysteries that scientists have yet to unravel. With the convergence

of many multidisciplinary scientific advances such as stronger computing power, next-generation

sequencing, machine learning, and single-cell and single-molecule experiments, cellular biologists

have never had more investigative power. These complex methods often are used in tandem–

necessitating a closer relationship between computational biologists, computer scientists, and

bench-top experimentalists. As practice of this emerging dynamic, my corpus of work spans mul-

tiple areas within computational and quantitative biology with the goal to facilitate better compu-

tational tools to interpret and design experiment. For my main work at Colorado State University,

I have developed the open source Python package “RNA sequence to Nascent protein simulator,”

rSNAPsim, to simulate Nascent Chain Tracking experiments and used it as a backbone for an entire

experiment simulation pipeline to check experiment design feasibility. The rSNAPsim software

provides start-to-finish capabilities for model design, model fitting, and model selection so that

experimentalists can fit a mechanistic model to the Nascent Chain Tracking single-mRNA trans-

lation experiments. Along with this main work, I have provided computational modeling efforts

on live-cell data on the first two steps of the Central Dogma, DNA transcription and mRNA trans-

lation. For the final entry in my corpus, I have used my interdisciplinary skills acquired at CSU

to do machine learning based ncRNA riboswitch classification and discovery within the human

genome; This work provides the broader scientific community with a starting point for searching
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for this important secondary structure within humans, where it has not been described as of time

of writing.
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ETHICS STATEMENT

Science in the past centuries has propelled humanity into an era of unparalleled technological

achievement, saving billions of lives from starvation, curing millions from previously intractable

diseases, fostering an unprecedented era global communication and collaboration. However, this

bright sun casts a long and dark shadow; Science is not divorced from its material surroundings

and society it operates in. Its blessings are unevenly distributed, stolen, hoarded, hidden, and

abused for ulterior motives. Each new technological advancement can and has been abused to harm

people —machine learning lauded for diagnosing cancers and ordering chaotic data is often used

to predict recidivism, to aggressively target marketing, or prejudicially reject resumes. Bankrupt

bionic eye companies leave their early adopters with unsupported, failing technology implanted in

their bodies. Fentanyl acts as a double edged sword, providing irreplaceable pain management in

hospice while also killing millions as the end-stage of a manufactured for profit epidemic. Behind

these inventions are scientists, scientists with the best of intentions working in an unethical system.

Those are just modern implementations in science; history is littered with famous cases of

unethical experiments; I won’t list them here as a comprehensive list would be as long as this

dissertation. Investigation, regulation, and just recompense to victims always lags well behind the

application of the actual unethical research —if justice ever comes at all. Science likes to cloak

itself in objectivity, to pretend it is free from human bias as a pure truth. This perception is the

mainstream, when in reality, every scientist alive has internal and external motivations beyond a

pure pursuit of knowledge. Research topics are beholden to profitability to receive funding (see

neglected tropical diseases). Scientists are pressured by funding requirements, competitive tenure,

positive result publishing, and publish or perish mentality. These systemic pressures let unethical

practices creep in to any field of Science and even with the most cognisant scientist. A vigilant

investigator should not be cursorily aware of these influences, but intimately know their own biases

and outside pressures. Awareness is the first step to help mitigate some of these biases and this

awareness should be assessed at every step during research. Hopefully, nothing stated here is new
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to any reader. My intention is to restate and reaffirm ethical considerations as a first step practice

to scientific research here at the front of my dissertation.
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Chapter 1

Introduction

The collected papers here seem disparate at first glance, however, there is a through-line of

computational, quantitative modeling of biological systems that ties these works into a cohesive

set. This work spans three areas within cell biology: transcription, translation, and RNA regula-

tion, and there is a constant need for rigorous computational effort behind the curtain to unwind

these diffraction limited processes. I have had the immense pleasure to collaborate with amazing

experimentalists over my time here at Colorado State University and provide modeling input to

their papers —even if the consequence of this is a slight meandering in topics discussed in my

dissertation. Looking back, I am quite happy with the breadth of what I studied at Colorado State

University as computational modelling exposed me to many different areas of biological study

where I eventually found my passion in RNA biology.

1.1 Computational modeling

When someone is lost on an unfamiliar road, they reach for a favoured map app (or reach into

their car-seat pocket and pull out a battered roadside atlas pre-2007) and use it to figure out where

they are. But what are they fundamentally doing? They are comparing their surroundings with

someone else’s previous work: comparing their observations with a previously laid consensus. If

their guide (the map) is worth its salt, it has been updated with recent information (this restaurant

changed its name in 2022) without straying into distracting asides (here is a map of every dande-

lion growing through the sidewalk). Just like the roadside maps of old, models are computational

tools that simplify observations, provide baseline consensus, guide scientific investigation and are

constantly revised and updated with new information by hidden computational workers. These

traits—definitive consensus, updated information and streamlining—make computational models

as useful to researchers as maps are to lost travelers. These tools simplify observations, provide

baseline consensus, and guide scientific investigation, all while being constantly revised and up-
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dated with new information by hidden computational workers. When computational modeling

intersects with the diffraction limited, the microscopic, the atomic, data is not so straight forward.

The need to create careful curated experiments that get interpretable data that are even capable of

informing models leads to a close partnership between modelers and experimentalists that only

intensifies with each passing year in the field.

Figure 1.1: General modeling workflow

“Computational” is the operative word within computational modeling. Many of the methods

within computational modeling were mathematically described prior to the mid-20th century advent

of available computing. Neural networks were proposed in 1943 and 1949 by Pitts and Hebb
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respectively, decades before they would be successfully implemented and nearly 80 years before

the deep learning explosion enabled by better GPU technology [1, 2, 3].The foundations for Monte

Carlo simulations of Markov processes were proposed by Joseph Leo Doob in 1945 long before

their popular formulation by Gillespie in 1976 [4]. With the exponential growth of computing

power, many of these impossibly laborious methods to do by hand were now available to the

broader scientific community.

Computational modeling as a topic has a malleable implementation and varied focus, but in

general, one will find some combination of the topics in the workflow to the right. Typically

the computational modeling loop starts with some experimental observation or research question

necessitating a deeper mathematical and mechanistic understanding that cannot be gleaned from

experiments alone. The next step involves constructing a pool of models to consider for selection.

Several classes of models are proposed that may replicate the data; for best practices, models

ranging in complexity are used and at least one simplest case model is considered in the model

pool. During this process the models will be explored and simulated intensively to observe unique

phenomena. Models that do not replicate the data or provide unrealistic phenomena are often

discarded at this stage (although some scientists may keep them in the model pool as a negative

confirmation during parameter inference). With a group of models that can recapitulate the initial

observations, the next step is to perform parameter inference to describe the most likely parameter

set for each model, and their parameter ranges if possible. The most informative model out of the

pool is selected with an information criterion (Bayes or Akaike). The selected model then can be

validated by testing its output versus withheld data, or using it to predict experimental outcomes

and comparing. A validated model only lasts as long as the next experiment supports this model,

just how the map from the previous analogy is only useful as its recreation holds.

Negative confirmation with a class of simpler models during parameter inference is a crucial

step to determine the evidence contained in the data for a more complex model. When a simple

model recapitulates a true complex system, it suggests that a different experiment design or more

data is needed if one truly believes a complex system is at play. We can preview Chapter 3.1 here,
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where model selection lead to a clarifying experiment that shed light on the underlying process

in more detail. A live cell transcription fluorescence reporter system was used to collect video

data at a one minute frame rate —a frame rate more than sufficient to capture waves transcription.

However, from the perspective of the data and model selection, the rate of RNAP2-SER5 phospho-

rylation of the CTD tail appeared to be instantaneous as it was happening on a scale much faster

than a minute. The model selection threw away any more complex model that included a transition

rate between RNAP2 and consistently selected a simpler model included in our model pool. If our

team was not interested in this rate, then our model, our “map,”with the simpler would have been

sufficient. However, since we were interested in this rate, this model selection outcome suggested

a new experiment with a much faster frame rate on the order of seconds which was performed and

gave a better clarification on this phosphorylation rate. This example is a perfect illustration of the

cyclic nature of experimentation and modeling, ratcheting knowledge forward as new data updates

models and models suggest new experiments until the desire for knowledge is satiated. With this

brief and general explanation of computational modeling we can turn to what I modeled and why.

1.2 Central Dogma of Molecular Biology

Information processing of bio-polymers is critical to all known cellular life’s persistence. In-

formation storage, retrieval, compression, transfer, editing, and usage are all represented within

life as we know it. Information in cellular life is stored in the form of nucleotide bases in nucleic

acid chains, DNA or RNA. The canonical direction of “information retrieval”is for DNA bases (A,

T, G, C) be read by RNA polymerases to messenger RNA (A, U, G, C) in a process called tran-

scription. Newly transcribed mRNAs are processed, matured, and proofread and then translated

by ribosomes into functional proteins during translation —these proteins are then free to perform

their function(s) throughout the cell. Thus the Central Dogma of Molecular Biology is defined:

“DNA makes RNA, and RNA makes protein”- Francis Crick, 1957
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While called a dogma, there are multiple exceptions and nuances to the direction of informa-

tional flow, the selection of information used, and the quality checking of information signals. With

life, comes a radically large number of exceptions. Retrovirus reverse transcriptases convert RNA

to DNA, myriads of viruses are solely RNA based —eschewing DNA entirely, prions pass on their

errant “information” to other susceptible proteins, proteins regularly modify patterns like methy-

lation on DNA, mRNA, and other proteins to change behavior, chromatin remodels in response to

stimuli choosing which information is available, noncoding-RNA never makes proteins and instead

performs their functions as RNA structures, information is compressed into editosomes (kineto-

plastid mDNA) or into multiple reading frames (viral frameshifting), and sometimes genes encode

noncoding introns within coding exons as a package deal. Even the final end products of informa-

tion transfer, proteins, don’t have such clear cut functions. Promiscuous proteins serve multiple

functions. Inherently disordered proteins vex the previously established globular structure-function

paradigm. Proteins come with a staggering array of isoforms and post-translational modifications

as well. This is a small list of exceptions, or nuances depending who you ask, to the Central

Dogma. I have listed them here to give the reader a sense of the chaos commonplace within life

and how every step from DNA to protein includes some heterogeneity. Experimentalists, compu-

tational biologists, and biochemists are left to sort out the dazzling array of interactions, leaving

the field just as, if not more, rich in research topics as it was in 1957.

Cellular gene expression acts in a heterogeneous manner. Low-copy number, discrete genes

express through an expansion of material. For example, a single gene copy gene will have 2 copies

of itself in a diploid cell; Those two genes may turn on or off in response to stimuli, creating

anywhere from zero to hundreds of mRNAs, which may go on to produce zero to tens of thousands

of proteins. As the Central Dogma plays out, two cells next to each with 2 identical strands of DNA

describing the same gene exposed to the same concentration of stimuli in the same environment

can have one cell do nothing, while the other produces tens of thousands of new proteins. The

noisy single molecule interactions dictating the on/off state of two single gene copies is amplified
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Figure 1.2: Expansion of bio-molecules

and dictates the entire cellular response. This crucial diversity of responses across cell populations

helps protect cellular populations by generating divergent phenotypes in response to stimuli in

their changing environment, hopefully increasing potential survival of some of the population.

Trying to study these cell response distributions necessitates models that capture this variability

and stochasticity that replicate the observed probabilistic behavior.

1.3 mRNA translation

The main publication produced by my dissertation work analyzed the second step of the Cen-

tral Dogma, mRNA translation. mRNA translation is the process of converting the ubiquitous

bio-polymer mRNA into functional proteins via cellular machines called ribosomes. Despite such

a critical role in the cell, much about its inner workings are still confound the scientific field; The

lack of definitive knowledge is partly due to the complexity of the process, cell heterogeneity ob-

scuring dynamics, and partly due to a lack of technology that can provide high-quality information

about mRNAs in a single molecule manner in live cells. That is not to say there are not extremely

clever methods of study already employed (we will cover those methods in the next sections) the

problem is these methods instead can only provide a partial picture due to inherent averaging of

the methods. These methods also require copious processing, analyses, and skill to perform. To re-

turn to the complexity conundrum, mRNAs are subject to a staggering diversity of effects: mRNA

circularization, tRNA abundance, codon selection, ribosome pools, subcellular location, cellular
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Figure 1.3: Short list of processes that affect mRNA translation dynamics

stress, RNA binding proteins, secondary structure formation, UTR selection, post-translational

modifications, miRNA binding, decay processes and many, many more. This list’s effect on trans-

lation can only be probed by two observations in a given experiment: how fast does an mRNA

create protein? how often does an mRNA make a protein? In other words, how many ribosomes

bind (initiation) and how fast do they go (elongation). To even attempt to unravel a problem such

as codon selection’s influence on elongation speed, these other factors have to be considered and

weighed simultaneously within any experiment —an experiment that often can only quantify one

facet at a given time on a given mRNA. Additionally, many of these effects are heterogeneous and

noisy across species, tissue types, and subcellular localization. The insights gained in one cell line

need not apply to any other much to the chagrin of scientists; leaving the use of model systems or

cell lines necessary but always scrutinized.
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Along with this list of mRNA dynamics, comes a concomitant and expansive group of disease

states when these dynamics go awry and which scientists wish to study. As we will talk in the up-

coming chapters, the main focus of my dissertation has been extending the experimental technique

of Nascent Chain Tracking (NCT) through computational experiment design. This technique and

my computational extensions are most applicable for examining ribosomal elongation. Deregu-

lated elongation is the cause of many of the most devastating diseases in humans: Amyotrophic

lateral sclerosis (ALS), PolyQ diseases (Huntington’s Disease, some spinocerebellar ataxias, spinal

and bulbar muscular atrophy), various cancers, and mitochondrial diseases such as mitochondrial

encephalomyopathy lactic acidosis and stroke-like episodes (MELAS) or myoclonic epilepsy with

ragged red fibers (MERRF). Each of these have some translation deregulation due to expansive

repeats in coding regions, tRNA or tRNA modification loss or over-expression, or changes to elon-

gation factors. Diseases like these could be examined in a live-cell single molecule context better

with the modeling work I have done. Elongation is arguably the hardest process to study, since the

changes during disease are minute and often only affect a small region of the mRNA; Detecting

those changes requires specialized experimental techniques to measure and ameliorating some of

those difficulties has been the my main motivation here at CSU. With that, lets discuss briefly some

of the methods to measure mRNA translation before focusing on NCT.

1.3.1 Experimental methods to study mRNA translation

There is a plethora of specialized laboratory techniques for probing mRNA dynamics as of

writing in 2024. The experimentalists tool box has never been larger. Broadly, the current methods

can be broken into four quadrants of two options: Live cell vs fixed and direct observation vs

reporter measurement.

Reporter measurement here is defined as measuring the output proteins as a proxy for mRNA

activity. As illustrated by the table above, there is an abundance of bulk snapshot data from

mRNAs; flow cytometry with direct mRNA tagging [5, 6], ribosomal footprinting [7, 8], RNA-

seq [9, 10, 11], and proteomics [12, 13] all provide high quality bulk data of a single cellular time
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Table 1.1: A non-comprehensive list of experimental methods to study mRNA as of 2024

Live cell Fixed cell

Direct
Nascent chain tracking (NCT)

Flow cytometry (Branched DNA or MS2 GFP tagging)

smFISH

MERFISH

RNA-seq

scRNA seq

Ribo-seq / ART seq

SUnSet

Puro PLA

RIBOmap

Reporter
Fluorescence microscopy with fluorescent proteins

Flow cytometry (with fluorescent proteins)

Proteomics

Pulsed Silac

PUNch P

BONCAT

FUNCAT-PLA

point. Pulsed SILAC, PUNch-P, BONCAT / QuaNCAT allow quantification of the most recently

translated proteins, and therefore the recently active state of mRNAs within a cell [14, 15]; How-

ever, they still are only providing one snapshot from a cell and cannot observe the same mRNA

in time series. Similarly, FUNCAT/SUnSET tag nascently translating peptides for examination in

fixed cells [16, 17], providing a readout of active translation. Two of the most powerful emerg-

ing techniques are single-cell RNA-seq (scRNA-seq) [18, 19] and RIBOmap [20]. Both of these

provide single-cell spatially resolved information about RNA species (scRNA-seq) as well as ac-

tive translation events (RIBOmap). Despite their immense power and widespread adoption, these

bulk snapshot techniques can only collect a single time point of the a given cell’s transcriptomal

state as they require fixation and lysation of said cells —a limitation ameliorated by Nascent Chain

Tracking (NCT).

1.3.2 Nascent chain tracking (NCT)

NCT uses a dual fluorescent labelling system where an RNA tag such as MS2 or PP7 is used

outside an mRNA’s coding region, and a repeat fluorescent epitope region is included within the

coding region to label growing nascent polypeptide chains [21, 22, 23, 24, 25, 26, 27]. The output
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of this technique provides an experimentalist with a way to track mRNAs in one channel regardless

of their translation state, as well as a fluctuating signal of live-cell in-real-time protein synthesis

of a single mRNA with a second channel; These signals appear in the cell as a single diffraction

limited spot within a fluorescence microscope co-localized across two color channels. Particle

tracking and image processing of NCT videos recaptures the local intensity fluctuations of a given

mRNA and its translational state. NCT has been used to great effect in the past eight years to study

dynamics such as mRNA frameshifting [28], mRNA heterogeneity [29], toxic codon repeats [30],

codon usage [31], cellular stress response in mRNAs [32], mRNA decay [33, 34], IRES mediated

translation [35], pioneer rounds of translation [34], stress granule formation [32, 36], mRNA trans-

lation in a spatial context [37], microRNA mediated dynamics [38] and several more dynamics of

interest. A more complete and recent review of NCT applications can be found in Cialek et al [21].

Despite the being the only current technique which can allow an experimentalist to gather data

from a single mRNA over self-consistent time spans in a live cell, NCT is heavily limited by its

complex and demanding implementation; NCT requires specialized mRNA construct designs to

be loaded or inserted endogenously into cell lines, custom DIY fluorescent microscopes, copious

amounts of microscope time to acquire a small amount of data relative to bulk methods, and com-

plicated often home-brewed computational analyses. These barriers to entry are unacceptable for

a technique which is essential to unravel heterogeneous mRNA dynamics that fluctuate based on

mRNA, biochemical, or cellular states.

Of the 16 papers using NCT in the literature as of Spring 2024, 88% use computational mod-

elling as a complement to their evidence. Scopes of these models vary greatly from simple ballistic

models [26], systems of Ordinary Differential Equations (ODEs) [36, 33, 24, 32], signal decompo-

sition techniques [29], full spatial reaction-diffusion models, and codon-dependent totally asym-

metric simple exclusion processes of mRNAs with multiple states [28, 35]. Across these papers,

the authors have conducted their computational analyses independently. Some of these methods

could be combined into a unified software to aid experimentalists. In Chapter 2.2, I will talk

about the rSNAPsim (Rna Sequence to NAscent Protein SIMulator). rSNAPsim aims to provide
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experimentalists using NCT with an open source software package to ease some of the analytical

burden of using such an intensive method. rSNAPsim to allows its users to generate, simulate,

explore, analyse, and fit mRNA translation models. This software package has been a focus of my

dissertation and computational modeling work while at CSU and its the fundamental basis for the

published work done in Chapter 2.1 and 2.3. Let’s introduce briefly the main two models contained

in the rSNAPsim.

1.4 Computational models for mRNA translation and DNA transcription

Two main classes of models are used in my dissertation work: linear systems of ODEs based

models and Totally Asymmetric Simple Exclusion Processes (TASEP) models.

1.4.1 ODE based approaches

Linear systems of ODEs are the first go to mathematical model for describing species changes

over time within a chosen biological processes. These systems are deterministic, easy to produce

and quick to solve —but often limited in their ability to capture all the nonlinear behavior a modeler

may wish to reproduce. Additionally, they rely on two key approximations when being used to

describe molecular behavior. 1. Spatial effects are neglected, that is to say the model is in a well

mixed environment and species have no diffusion based reactions or spatial relations. 2. Species

are represented with continuous functions, that is to say there are no discrete molecule counts and

the species are treated as well mixed concentrations. This species approximation is only valid in

larger number of molecule counts, on the order of hundreds of species; Any lower and stochastic

noise may be a large factor in molecular behaviour. Despite these two limitations, linear ODEs

are invaluable mathematical modelling tools that have endless uses and are arguably the most

ubiquitous mechanistic modelling tool in biology.

Linear ODEs for biological processes of x species are often formulated with two matrices:

Stoichiometry (S), Propensity (W1) and one input vector, W0(t). A stoichiometry matrix can be

thought as a list of rows defining the change in the species for any given reaction. Therefore the

S matrix is defined as a Nspecies by Nreactions matrix where each row corresponds to the a reaction.
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The propensity matrix, W1, is defined as the rates at which reactions happen and is the inverse

dimensions of the stoichiometry matrix, Nreactions by Nspecies. W0(t), the input vector is the input

into the system from outside to each species, often defined in boundary conditions within biological

contexts. The system of linear ODEs is then written in the following form:

d

dt
x = SW1x+W0(t) (1.1)

The analytical solution to problems that can be written like this is readily available using a

matrix exponential:

x(t) = e(SW1(t)) · x(0) +
∫ t

0

e(SW1(t−τ))W0(τ)dτ (1.2)

Modeling with ODEs for modeling DNA transcription is showcased in Chapter 3.1; The model

selection performed there was with 6 different mechanistic models consisting of linear systems of

ODEs.

1.5 Stochastic modeling

Despite the usefulness of linear systems of ODEs, there are systems that are inherently noisy

due to low molecular counts, or systems where a deterministic approach may mask bi-modalities.

Unfortunately for computational biologists, most cell biology systems suffer (from our perspec-

tive, from their perspective noise is a useful tool) from randomness leaving a need for stochastic

simulation approaches [39, 40, 41, 42]. Stochastic simulation requires using any of numerous

Monte Carlo methods to provide statistically accurate single trajectories of a process. As a conse-

quence of this, often thousands if not millions of simulations are needed to recapture a underlying

probability distribution function. The core stochastic simulation algorithm used in my work is the

direct method of Gillespie’s algorithm [4, 43]. The formulation of stoichiometries and propensities

allows us to instantly transition from a deterministic approach to the discrete stochastic. Starting

at some initial state, x(0), the direct method draws two uniform random numbers, r1 and r2 from
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U [0, 1]; one for the time at which the next reaction happens, and one for which reaction happens.

The time to the next reaction is defined as:

τ =
1∑

j aj(x)
· log

(
1

r1

)
(1.1)

Where a0(x) is the current propensities of the reactions. Which reaction, i, happened is dictated

by the first i that satisfies
∑i

1 ai(x) > r2 ·∑j aj(x); In words, i is the index where the cumulative

sum of the propensity vector up to i is higher than the uniform random number times the entire

sum of the propensity vector. This exponential waiting time “time to next reaction” comes from a

fundamental assumption that one is simulating a Poisson process. Once the time of the next reac-

tion and which reaction occurs is generated randomly, the entire system is updated to reflect these

changes and the process is repeated until a final defined time is reached. The jump from analytical

solution to simulation is computationally expensive and there have been many improvements since

1976, which are reviewed in Gillespie 2007 [43]. Now we will focus on a particular stochastic

simulation to approximate non-linearities in mRNA translation that would be lost by linear ODE

models.

1.6 TASEP models

1.6.1 Model description

The TASEP, Totally Asymmetric Simple Exclusion Process, is a model for particles in motion

in one dimension on a discretized lattice, where each particle has an exclusion, i.e., they cannot

occupy the same lattice nodes. This exclusion is the “simplest”particle interaction possible (provid-

ing the SE in TASEP). The TASEP formulation was described in Macdonald 1968 for describing

protein synthesis [44, 45]. The TASEP differs from a separate contemporary formulation called the

ASEP; Particles in a ASEP are allowed to move in either direction on its 1D lattice ring, while in

a TASEP, particles are only allowed to move in one direction, hence “totally”asymmetric vs asym-

metric [44, 45, 46]. One of the simplest descriptions of a TASEP describes a lattice of N nodes, and

particles occupy one node at a time, enter at the first node N0 at rate α, leave the last node at rate
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β, and step from node to node with rate k nodes/time. Particles cannot pass one another. Despite

these deceptively simple rules, particles can still exhibit complex, non-equilibrium behavior and

phase transitions between three domains (high density, low density, maximal flow). TASEPs with

various mathematical extensions are used to describe a wide variety of phenomena like traffic flow,

vesicle movement [47, 48], mRNA translation [49, 28, 50, 35], and line queuing [51]. Two recent

reviews of TASEP processes in biological contexts are Zia et al. [49], and Chou et al. [52]. With

the advent of stronger computing resources and newer experimental techniques, TASEPs have en-

joyed a renewed interest in the mRNA translation modeling field [49]. TASEPs’ main advantage

over coarse-grained or ODE models is the replication of traffic jams, phase transitions, and high-

density regimes that come with considering physical exclusion terms; Such terms that are neglected

by other averaging models. However, deriving an analytical solution for the occupation probability

of lattice nodes over time is a nontrivial task for complicated TASEPs, and may necessitate costly

computational Monte Carlo simulation if no analytical solution exists. Fig. 1.4A shows a graphical

representation of the simplest TASEP, and Fig. Fig. 1.4B shows an example stochastic trajectory

kymograph (a visual plot of space vs time showing particle motion) of a lattice of 100 nodes and a

constant stepping rate.

1.6.2 Mathematical description

The simplest TASEP can be described as follows The lattice of L nodes can be written as:

N = [N0, N1, . . . , NL−1] (1.1)

Particles from an infinite reservoir can enter N0 and occupy one lattice node of space if N0 is

unoccupied at a rate of α units of time-1:

dP (N0|N0, N1)

dt
= α · P (N0 = 0)− k · P (N0 = 1, N1 = 0) (1.2)
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Particles can step from the ith node to the next node if the next node is unoccupied at rate k

units of time-1:

dP (Ni|Ni−1, Ni, Ni+1)

dt
= k · P (Ni = 0, Ni−1 = 1)− k · P (Ni = 1, Ni+1 = 0) (1.3)

A particle at the final node can leave at an non-excluded rate of β units of time-1.

dP (NL−1|NL−1, NL−2)

dt
= −β · P (NL−1 = 1) + k · P (NL−2 = 1, NL−1 = 0) (1.4)

1.6.3 TASEP domain diagram

TASEP models can exhibit nonlinear behavior and phase transitions between 3 main domains:

High density (HD), low density (LD), and maximal current (MC), 1.4C and D. These domains can

be observed by normalizing k, α, and β by k. High density occurs when the incoming rate, α,

is greater than the outgoing lattice rate, β while β is less than 1/2. A faster incoming rate than

outgoing leads to an accumulation and higher density of particles along the lattice, potentially to

the point of a traffic jam where most lattice nodes are occupied. Low density occurs in the opposite

case, where the outgoing rate is higher than the incoming rate and α is less than 1/2, resulting in a

sparsely loaded lattice with a very low occupation probability. The maximum current domain exists

when both the incoming and outgoing rates are greater than 1/2, balancing the kinematic shock of

the interaction with the 2 boundary areas of the lattice. The current in the LD is dominated by

the incoming rate, J = α(1 − α) particles/s, and in the HD by the outgoing rate J = β(1 − β)

particles/s. In the MC, the current equals 1/4 particles/s at a steady state. One defining feature

of this domain map is the sharp boundary between the LD and HD at α = β for both less than

1/2, showing that slight changes in the balance between the two rates radically alter the system

behavior. For in-depth discussion and solutions, once again the following recent reviews: Zia et al.

2011 [49], Knizel et al. 2019 [53], and Matetski and Remenik 2023 [54].

15



1.6.4 mRNA translation TASEP

Many extensions to the canonical TASEP can capture dynamics of mRNA translation with

greater accuracy. Some of the more common model extensions used for mRNA translation are

described in Fig. 1.4E. The entering rate α is analogous to the ribosomal initiation rate, and ter-

mination is analogous to β. Stepping rates, k, can be adjusted to be codon-dependent, thus each

“node” becomes the codon a ribosome is currently decoding. These codon-dependent rates can

selected to match various models of ribosomal elongation such as codon frequency scaling, codon

couplets, or tRNA usage. The size of particles can be adjusted to account for the ribosomal foot-

print of 9-10 codons. With these adjustments, we have a robust mRNA model that can capture

many translation dynamics of interest with a realistic, mechanistic model based on ribosome lo-

cation, ribosome footprints, and mRNA sequence differences. Some of the other extensions in

Fig. 1.4E are used for specific mRNA dynamics, for example, multiple lattices with inter-lattice

jumps can be used to model mRNA frameshifting, jumping from one open reading frame to an-

other. Or Variable entries and exits can be used to model Internal Ribosomal Entry Sites (IRES) or

bicistronic constructs.

The codon-dependent mRNA TASEP is the core to our labs software package, rSNAPsim (Rna

Sequence to NAscent Protein SIMulator). Inside the open source Python package is a custom

TASEP model designer that implemented, allowing for almost any TASEP model to be designed

quickly and efficiently. These extended modeling capability of the rSNAPsim’s TASEP model

builder is showcased in Chapter 2.2.
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Figure 1.4: Caption on next page.
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Figure 1.4: Totally asymmetric simple exclusion process (TASEP) model, its properties, and some

example extensions. (A) A canonical TASEP can be described as a 1D lattice of length L, on which

particles enter the first node at rate α(1/time), step forward one node at rate k(1/time), and leave the

lattice at rate β(1/time). Particles cannot pass each other and have a volume of 1 node (exclusion). (B)

Example kymograph of a TASEP simulation (C) Three domains resulting from a TASEP with stepping rate

= α. Maximal current —where particles enter and leave at fast enough rates to keep a constant particle

flow. High density —where incoming rates are much faster than the outgoing rate, leading to a traffic jam

rate limited by the outgoing rate. Low density —where the incoming particles are slower than the rate they

leave the lattice, resulting in a sparsely loaded lattice. (D) Flow in particles per second of a TASEP with

stepping rate = α. (E) Example extensions to the simple TASEP. Extensions can add complexity and model

different phenomena. For example, multiple lattices could be used to model multi-lane highways for traffic

simulations, or particle sizes greater than one could model the ribosomal footprint of 9 codons in an mRNA

translation simulation.
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Chapter 2

Translation Modeling

2.1 Computational design and interpretation of single-RNA translation ex-

periments1

My major contributions to the following paper were developing the open source Python pack-

age, rSNAPsim (Rna Sequence to NAscent Protein simulator) and providing figures and analyses

for the paper. I was brought onto the paper in the next Chapter to convert and extend a MATLAB

based TASEP model into Python for easier use, computational speed, installation, and distribu-

tion. The original TASEP model was a collaboration between Dr. Huy Vo, Dr. Luis Aguilera, and

Dr. Michael May and was limited in its scope. The original version could only use human codon

frequency counts to scale elongation rates and use only a single fluorescent color (FlagTag), and

was in stuck in MATLAB. rSNAPsim has been extended and developed beyond the scope of the

initial paper to allow a user to design a plethora of various mRNA models, model assumptions,

model complexity, and arbitrary fluorescent probe design. Beyond the core models, the rSNAPsim

provides an arbitrary TASEP model designer, allowing the user to add various elements such as

ribosomal frameshifting, resource consumption, limited ribosome pools, arbitrary stepping rates,

experimental perturbations, and mRNA states. More in-depth details are in Chapter 2.2.

2.1.1 Summary

Advances in fluorescence microscopy have introduced new assays to quantify live-cell trans-

lation dynamics at single-RNA resolution. We introduce a detailed, yet efficient sequence-based

stochastic model that generates realistic synthetic data for several such assays, including Fluo-

rescence Correlation Spectroscopy (FCS), ribosome Run-Off Assays (ROA) after Harringtonine

1Luis U. Aguilera, William Raymond, Zachary R. Fox, Michael May, Elliot Djokic, Tatsuya Morisaki, Timothy J.

Stasevich, Brian Munsky, DOI: https://doi.org/10.1371/journal.pcbi.1007425
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application, and Fluorescence Recovery After Photobleaching (FRAP). We simulate these exper-

iments under multiple imaging conditions and for thousands of human genes, and we evaluate

through simulations which experiments are most likely to provide accurate estimates of elon-

gation kinetics. Finding that FCS analyses are optimal for both short and long length genes,

we integrate our model with experimental FCS data to capture the nascent protein statistics and

temporal dynamics for three human genes: KDM5B, β-actin, and H2B. Finally, we introduce

a new open-source software package, RNA Sequence to NAscent Protein Simulator (rSNAP-

sim), to easily simulate the single-molecule translation dynamics of any gene sequence for any

of these assays and for different assumptions regarding synonymous codon usage, tRNA level

modifications, or ribosome pauses. rSNAPsim is implemented in Python and is available at:

https://github.com/MunskyGroup/rSNAPsim.git.

2.1.2 Introduction

The central dogma of molecular biology (i.e., DNA codes are transcribed into messenger RNA,

which are then translated to build proteins) has been a foundation of biological understanding since

it was stated by Francis Crick in 1958. Despite their overwhelming importance to biological and

biomedical science, many of the fundamental steps in the gene expression process are only now be-

coming observable in living cells through the application of real time single-molecule fluorescence

imaging approaches. Single-molecule imaging of transcription was first achieved two decades

ago through the use of the MS2 system [55], which uses bacteriophage gene sequences to encode

for specific and repeated stem-loop secondary structures in the transcribed mRNAs. These stem-

loops are subsequently recognized and bound by multiple fluorescently-tagged MS2 Coat Proteins

(MCP), which produce bright fluorescent spots that allow for the detection and spatial tracking of

single-mRNA [56]. Tracking these labeled RNA has made it possible to observe many aspects of

RNA dynamics that were previously obscured using bulk RNA measurements, such as the produc-

tion of RNA from different alleles [57], the movement of mRNA-protein complexes from nucleus
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to cytoplasm through nuclear pores [58], and the association of RNA with different regions of the

cell [59].

Even more recently, imaging single-molecule translation has also become possible through

the discovery of similar approaches [23, 60, 24, 26, 25]. In this case, the mRNA is modified to

encode for multiple epitopes in the open reading frame of a protein of interest (POI). As the protein

is translated, these epitopes are quickly recognized and bound by fluorescent antibody fragment

probes, Fig. 2.1A. By combining the MS2 approach with these epitope recognition sites, the co-

localization of mRNA spots and nascent protein spots reveal single-mRNA molecules that are

undergoing active translation, as shown in Fig. 2.1B. As was the case for single-RNA tracking,

precise spatiotemporal imaging of translation sites within single living cells allows for multiple

advances in comparison to bulk or single-cell assays [61]. For example, Morisaki and Stasevich

recently reviewed three different approaches to track the translation dynamics for individual mRNA

molecules over time and then use these data to infer translation rates [27]. The first design is

related to Fluorescence Correlation Spectroscopy (FCS), in that the nascent protein fluorescence

signal is monitored over time and used to compute the auto-covariance function (G(τ), Fig. 2.1C,

bottom). The time, τFCS, at which G(τ) reaches zero denotes the characteristic time for a ribosome

to translate the gene from the tag region to the end of the protein of interest [23]. A second

approach to measure translation rate is to chemically block translation initiation (e.g., through the

application of a drug such as Harringtonine, as depicted in Fig. 2.1D, top). In this Run-Off Assay

(ROA) approach, the time, τROA, at which the fluorescence signal disappears corresponds to the

time for a single ribosome to translate the entire coding region, including the tag region itself [25].

A third technique, shown in Fig. 2.1E, uses Fluorescence Recovery After Photobleaching (FRAP)

to optically eliminate the nascent protein fluorescence associated with a single mRNA and then

record the recovery of the signal to its original level. As for the FCS approach, the time of total

recovery, τFRAP, relates to the time required for a single ribosome to complete translation from the

tag region to the termination codon [24, 26].

21



Figure 2.1: Translation studies with single-molecule resolution. A) Imaging single-molecule translation

dynamics is achieved by the measurement of fluorescence spots that are produced when nascent proteins

display epitopes that are recognized by antibody fragments bound to fluorescent probes. The gene construct

encodes a 10X FLAG SM tag followed by a protein of interest (POI) and the 24X MS2 tag in the 3’ UTR

region. B) Microscopy image showing translation at single-molecule resolution; red spots represent single

mRNA, and green spots represent nascent proteins. Below is a representative trace showing the intensity

fluctuation dynamics of a single-transcript translating FLAG-10X-KDM5B. C) Simulated time courses rep-

resenting the characteristic single-molecule fluctuation dynamics. A representative trace is selected and

highlighted. At the bottom of the figure is given the normalized auto-covariance function (G(τ)) calculated

from simulated time courses. The time at which G(τ) hits zero represents the dwell-time (τFCS). D) Har-

ringtonine inhibits the translation initiation step by binding to the ribosomal 60S subunit. The plot shows the

average fluorescence after Harringtonine treatment. Without new initiation events, the fluctuations diminish

causing the intensity to drop to zero at time τROA. E) FRAP causes a rapid drop in the fluorescent intensity

and a subsequent recovery that is proportional to the time needed by ribosomes to produce new nascent

proteins with non-photobleached probes. The bottom plot shows the temporal dynamics of FRAP, where it

can be observed by the abrupt decrease in intensity and a recovery time (τFRAP) correlated with the gene

length. All simulations correspond to KDM5B for 100 spots and a frame rate of 1 FPS. Error bars represent

the standard error of the mean.

The temporal resolution offered by live single-mRNA, nascent translation imaging makes it

possible to directly visualize and quantify initiation, elongation, and termination processes in live-

cells [62]. Single-molecule studies have uncovered previously unknown events and mechanisms

taking place during translation, such as the presence of active and inactive transcripts in specific
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locations in the cell [23, 26], different elongation rates caused by codon-optimized sequences [25],

the spatiotemporal translation of specific genes in specific cellular compartments [60, 24], riboso-

mal frameshifting with bursty dynamics [28], and non-canonical forms of translation [63].

As these experimental techniques rapidly evolve, they induce a growing need for precise and

flexible computational tools to interpret the resulting data and to design the next wave of single-

RNA translation experiments. To help fill this gap, we present a versatile new set of computational

design tools to estimate which specific single-mRNA translation dynamics experiments would pro-

vide the most accurate inference of model parameters. We demonstrate the generality of our anal-

yses by simulating results for several different single-molecule experiments for a large database

of human genes. We explore these different combinations of gene and experiment to ask which

methodologies are better to measure specific biophysical parameters and for which types of genes.

We then constrain our model by fitting it to experimental data for several genes. Finally, we de-

scribe and demonstrate the use of a new open-source and user-friendly software package: RNA

Sequence to NAscent Protein Simulation (rSNAPsim), which allows the user to easily simulate the

single-molecule translation dynamics of any gene. Finally, we discuss future directions and the

potential limitations of the current form of this new technology.

2.1.3 Results and Discussion

Modeling single-RNA translation dynamics

To simulate translation with single-molecule resolution, we adopted a stochastic model of poly-

merization that is similar to those developed previously in [13, 64, 42]. We then extend this model

to allow for variable ribosome sizes, codon- and tRNA-dependent translation elongation rates, and

arbitrary placement of fluorescent probe binding epitopes, and we analyze these models specifically

in the context of single-mRNA translation as observed using time-lapse fluorescence microscopy

experiments (e.g., Fig. 2.1).

The model consists of a set of reactions where random variables {xi} represent the fluctuating

occupancy of ribosomes at each specific ith codon along a single mRNA,
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∅ w0(x1,...,xnf)−−−−−−−→ x1
w0(x1,...,xnf+1)−−−−−−−−→ . . . xi

w0(xi,...,xnf+i)−−−−−−−−→ wt−→ xL, (2.1)

where L is the length of the gene in codons, nf is the ribosome footprint, and

x = [x1, x2, . . . , xL] ∈ B
L is a binary vector of zeros and ones, known as the occupancy vector,

which represents the presence (xi = 1) or absence (xi = 0) of ribosomes at every ith codon. The

initial reaction in the model describes the initiation step, where the ribosomes bind to the mRNA

at the rate w0(x1, . . . , xnf ). Ribosomes are large bio-molecules that occupy around 20 to 30 nu-

clear bases (or seven to 10 codons) once bound to the mRNA [65]. This is captured in the model

by specifying the ribosome footprint, nf = 9, which guarantees that initiation cannot occur if an-

other downstream ribosome is already present within the first nf codons, Fig. 2.2A. This binding

restriction can be written simply as:

w0 = ki

nf∏

j=1

(1− xj), (2.2)

where ki is the initiation constant, and the product is equal to one if and only if there are no

ribosomes within the first nf codons.

Similarly, we represent the elongation reactions, where the ribosome moves along the mRNA

from codon to codon in direction 5’ to 3’ according to:

wi = ke(i) · xi

nf∏

j=1

(1− xi+j), for i = 1, ..., L− 1; (2.3)

where k̄e(i) is the elongation rate at the ith codon, and the product again enforces ribosome

exclusion. To implement the effect of codon-usage bias and tRNA availability during protein

synthesis, we adopt a similar argument to that presented by Georgoni et al., [13]: rare codons

are correlated with low tRNA abundance, which cause a longer waiting time for the ribosome to

synthesize the given amino acid at that codon. As tRNA concentrations have been related to codon

usage [66], we assume each codon’s elongation rate is proportional to its usage in the human

genome according to:
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Figure 2.2: Modeling single-molecule translation. A) Translation is divided into three main processes:

initiation, elongation, and termination. The ribosome footprint represents the physical space occluded by

the ribosome, enforcing that no two ribosomes can occupy the same space and time. B) Kymographs

represent ribosome movement as a function of time (y-axis) and position (x-axis). Each line represents a

single ribosome trajectory. The average slope is proportional to the effective ribosome elongation rate. The

plot to the right shows the relationship between ribosome movement and fluorescence intensity, and the

plot below shows the ribosome loading at each codon position, calculated as the time-average of ribosome

occupancy at the corresponding codon. C) Comparison of the average elongation time (top) and the mean

(middle) or variance (bottom) of fluorescence intensity as calculated using the simplified model (Eqs 2.18

to 2.21), a linear moments-based model (Eqs 2.9 to 2.17), and a full stochastic model (Eqs 2.1 to 2.5). Gray

area represents previously reported parameter values for ribosome initiation. Panels B and C correspond to

simulations for the β-actin. Asterisks represent the specific parameter combination used for Table 1.

ke(i) = k̄e · (u(i)/ū), (2.4)

where u(i) denotes the codon usage frequency in the human genome (given in Table 2.1

from [67]), represents the average codon usage frequency in the human genome, and the global

parameter is an average elongation constant, which can be determined through experiments.

Although simple in its specification, the above model allows for many adjustments to explore

different experimental circumstances. As a few examples, (i) one can represent translation inhi-
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Table 2.1: Codon usage table calculated from the Homo sapiens genome. Table is computed using 93,487

CDS (Coding DNA Sequence), that represent a total of 40,662,582 codons, Nakamura, et al., 2000.

TTT 17.6 TCT 15.2 TAT 12.2 TGT 10.6

TTC 20.3 TCC 17.7 TAC 15.3 TGC 12.6

TTA 7.7 TCA 12.2 TAA 1.0 TGA 1.6

TTG 12.9 TCG 4.4 TAG 0.8 TGG 13.2

CTT 13.2 CCT 17.5 CAT 10.9 CGT 4.5

CTC 19.6 CCC 19.8 CAC 15.1 CGC 10.4

CTA 7.2 CCA 16.9 CAA 12.3 CGA 6.2

CTG 39.6 CCG 6.9 CAG 34.2 CGG 11.4

ATT 16.0 ACT 13.1 AAT 17.0 AGT 12.1

ATC 20.8 ACC 18.9 AAC 19.1 AGC 19.5

ATA 7.5 ACA 15.1 AAA 24.4 AGA 12.2

ATG 22.0 ACG 6.1 AAG 31.9 AGG 12.0

GTT 11.0 GCT 18.4 GAT 21.8 GGT 10.8

GTC 14.5 GCC 27.7 GAC 25.1 GGC 22.2

GTA 7.1 GCA 15.8 GAA 29.0 GGA 16.5

GTG 28.1 GCG 7.4 GAG 39.6 GGG 16.5

bition analyses such as those performed in [60] by making the initiation rate, ki, a function of

time or external input; (ii) one can analyze effects of synonymous codon substitution by replacing

codons with their more or less common relatives; (iii) one can represent codon depletion, as stud-

ied in [13] by reducing the corresponding rates ke(i) for all i corresponding to the depleted tRNA;

(iv) one could explore the effects of pausing or traffic jams at specific codons by reducing ke(i)

at specific codons, or (v) one can represent bursting kinetics by replacing the constant ki with a

discrete-stochastic activation/deactivation process. We will explore several of these circumstances

below.

Kymograph representation of single-mRNA translation dynamics.

With our simple specification of the translation initiation, elongation and termination reactions,

we can now simulate random trajectories, x, which we collect to form binary occupancy trajectory

matrices

X = [x(t1)T, ...,x(tN1
)T]T ∈ B

Nt×L, where each row refers to the ith position on the gene,

and each column represents a specific time tj. To visualize ribosome movement trajectories, each
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random X can be plotted in two dimensions (position v.s. time) to form kymographs similar to

those extensively used to represent organelle movement [68]. For example, Fig. 2.2B shows a

visualization of X for a case study on the β-actin gene. Each line from left to right on the kymo-

graph corresponds to the movement of a single ribosome from initiation to termination. We note

that averaging along the columns of X (i.e., in the vertical direction of the kymograph) yields the

time-averaged loading of the ribosomes at each codon position, and summing across the rows of X

(i.e., in the horizontal direction of the kymograph) yields the number of ribosomes for that mRNA

at each instant in time.

Relating protein elongation dynamics to fluorescence signal intensities.

To relate our model describing ribosome occupancy to experimental measurements of transla-

tion spot fluorescence, we introduce a fluorescence intensity vector that converts the instantaneous

occupancy vector, x(t), to the total number of translated epitopes available to bind to fluorescent

markers. This intensity vector can be written as:

I(t) =
L∑

i=1

ci · xi(t) = cxT, (2.5)

where c = [c1, c2, ..., cL] and each ci is the cumulative number of fluorescent probes bound

to epitopes encoded at positions (1, ..., i) along the mRNA. For example, c would be defined as

c = [0, 0, 1, 1, 2, 2, 3, 3, ..., 3] for an RNA sequence with epitopes encoded at positions [57, 59, 60].

We note that the random occupancy matrices, X, are easily converted to intensity time traces using

the simple algebraic operation I = [I(t1), ..., I(tNt
)] = cXT.

Simplifications for combinatorial analyses of genes, parameters, and experiment designs

The model as defined above is sufficient to simulate fluorescence dynamics for any specified

gene and for a vast range of potential time-lapse microscopy experiments. However, these simula-

tions become computationally intensive when studying combinations of thousands of genes, using

thousands of different parameters sets, and for hundreds of different experiment designs. To ame-
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liorate this concern, we next introduce model simplifications that progressively remove elements

from the original model, such as ribosome exclusion and single-codon resolution, while retaining

effects of codon-dependent translation rates and the geometric placement of fluorescent tags. We

then test under what conditions (i.e., parameters and gene lengths) these simplifications are valid,

and we compare these conditions to experimentally reported values.

Approximations for the means, variances, and auto-covariances of nascent translation kinet-

ics.

When ribosome loading is sparse (e.g., for slow initiation or fast elongation such that (ki/ke ≪

1/nf)), ribosome collisions will become negligible, and the nonlinearities in Eqs 2.2 and 2.3 have

less effect on the overall ribosome dynamics. Under such circumstances, it is possible to derive a

simplified linear system model for the elongation dynamics. In the linear model, the propensity of

the codon-dependent elongation step (Eq 2.2) is simplified to wi(xi) = kixi such that the ability of

a ribosome to add another amino acid only depends on the current position of the ribosome, and

not on the footprint of other ribosomes.

We define the reaction stoichiometry matrix to describe the change in the ribosome loading

vector, x, for every reaction as:

Si,j





1 for all i = j,

−1 for all i = j − 1,
(2.6)

where i corresponds to each codon in the protein of interest. The first column of S corresponds

to the initiation reaction, the next L - 1 columns refer to elongation steps when an individual

ribosome transitions from the ith to the i + 1th codon, and the final column corresponds to the final

elongation step and termination. Maintaining the same order of reactions, and neglecting ribosome

exclusion, the propensities of all reactions can be written in the affine linear form as:

w = w0 +W1x, (2.7)
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where w0 is a column vector of zeros with the first entry ki, and W1 is a matrix defined as:

[W1]i,j




ke(i) for all i = j + 1

0 otherwise.

(2.8)

Using the definition of the fluorescence intensity from Eq 2.5, the first two uncentered moments

of the intensity I(t) can be written in terms of the ribosome position vector x(t) as:

E{I(t)} = E{cx(t)} = cE{x(t)}, (2.9)

ΣI(0) = E{(I(t)− E{I(t)})2} = cΣx(0)cT (2.10)

where E{x(t)} and Σx(0) are the mean and zero-lag-time variance in the ribosome occupancy

vector, respectively. For the approximate linear propensity functions in Eq 2.7, the moments of the

ribosome position vector are governed by the equations [69]:

dE{x}
dt

= SW1E{x}+ Sw0 (2.11)

dΣx

dt
= SW1Σx+ΣxW1

TST + Sdiag(W1E{x}+w0)S
T (2.12)

By setting the left hand side of Eq 2.11 to zero, the steady-state mean ribosome loading vector

can be found by solving the algebraic expression:

SW1E{x}+ Sw0 = 0 (2.13)

Similarly, the steady-state covariance matrix, Σx, in the ribosome loading vector is given by

the solution to the Lyapunov equation (from right hand side of Eq 2.12):

SW1Σx+ΣxW1
TST + Sdiag(W1E{x}+w0)S

T = 0 (2.14)
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The auto-covariance dynamics of the nascent protein fluorescence intensity is defined:

G(τ) = E{(I(t)− E{I(t)})(I(t+ τ)− E{I(t+ τ)})}

= E{c(x(t)− E{cx(t)})x(t+ τ)− E{cx(t+ τ)})TcT}

= cE{(x(t)− E{x(t)})(x(t+ τ)− E{x(t+ τ)})T}cT (2.15)

= cΣx(τ)cT (2.16)

where Σx(τ) is the cross-covariance of the ribosome occupancies at a lag time of length τ .

Noting that the probe design, c, is constant with respect to τ , it is only necessary to find the cross-

covariances of the ribosome occupancy. Following the regression theorem [70], these covariances

are given by the solution to the set of ODEs,

dΣx(τ)

dτ
= ϕΣx(τ), (2.17)

where the initial condition is provided by steady-state covariance (i.e., the solution for Σx(0)

in Eq 2.14) and the autonomous matrix of the process is given by ϕ = SW1. Integrating Eq 2.17,

the auto-covariance of the intensity G(τ) can be found using Eq 2.16. We reiterate the fact that

this simplification relies only on the assumption of sparse loading of ribosomes on the mRNA,

and the moments analyses in Eqs 2.13, 2.14 and 2.17 retain the codon-dependent rate through

the definition of the matrix W1 and the specific positions of probes through the definition of the

vector c.

Simplified algebraic expressions for nascent translation kinetics.

In the limit of low initiation events and long genes, the probe region can be further approxi-

mated by a single point, and the above model can be simplified even further to allow direct estima-

tion of steady-state translation features. First, since the average time for a ribosome to move one

30



codon is E{δti} = 1/ke(i), the total average time it takes a ribosome to complete translation from

the start codon to the end of the mRNA is:

E{τ} =
L∑

i=1

1

ke(i)
, (2.18)

where L is the gene length. Using the codon-dependent translation rates from Eq 2.4, we can

modify Eq 2.18 to

E{τ} =
1

k̄e

L∑

i=1

ū

u(i)
. (2.19)

If one could experimentally measure τExp using one of the techniques described above, then k̄e

could be estimated as:

k̄e ≈
1

τExp

L∑

i=np

ū

u(i)
, (2.20)

where np is the effective codon position of the fluorescent tag. In practice, the specification of

np will vary depending upon the type of experiment (e.g., FCS, FRAP or ROA) used to estimate

τExp, as will be discussed in more detail below.

Given the apparent association time of a ribosome on the mRNA (τ ) and the initiation rate

(ki), the distribution for the number of visible ribosomes on a transcript at steady state can also be

estimated using this simplified model. Under the assumption that each initiation event is an inde-

pendent and exponentially distributed random event, the number of ribosomes downstream from

the nth
b codon, and therefore the fluorescence in units of mature proteins, would be approximated

by a Poisson distribution with mean (and variance) equal to

µ ≈ σ2 ≈ ki · τ (2.21)

For a more realistic treatment of the fluorescence intensity, one could assume that the multiple

probes are spread uniformly over a finite region, such that the fluorescence will increase linearly
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as ribosomes pass through the probe region. To approximate this gradual increase in fluorescence,

Eq 2.21 can be corrected by a multiplicative factor (see Methods) as:

µI ≈ ki · τ(1−
Lt

2L
) (2.22)

σ2
I ≈ ki · τ(1− 2

Lt

3L
) (2.23)

where Lt is the length of the tag region (e.g., Lt = 318 aa for the 10X FLAG ‘Spaghetti

Monster’ SM-tag used in [23]).

Agreement of full and simplified models for codon-dependent translation kinetics.

To demonstrate the close agreement between the full stochastic model, the reduced linear mo-

ments model, and the simplified theoretical analysis, Table 1 compares the model generated values

for each of the quantities τ , µI, and σ2
I for three different human genes H2B (L = 128aa), β-actin

(L = 375aa), and KDM5B (L = 1549aa), using reported parameters of ki = 0.03 s-1 and s-1 [23].

For further comparison, Fig. 2.2C compares estimates of τ (top), µI (middle), and σ2
I (bottom)

for the β-actin gene for each of the three analyses, and as a function of different initiation and

elongation rates. This comparison demonstrates that, at least for fast elongation rates, the full

stochastic analysis and the moments-based computation are in excellent agreement to estimate the

effective time as well as the mean and variance in the level of nascent proteins per RNA. However,

when the initiation rate approaches k̄e/nf , ribosome collisions become more prevalent, which

substantially lengthens the effective elongation time (Fig. 2.2C top), and leads to a saturation of

ribosomes (Fig. 2.2C middle and bottom), and these nonlinear behaviors are not captured by the

moment-based model. For longer genes, the simplified theoretical estimates from Eqs 2.18- 2.21

are also in good agreement with the complete model. For shorter genes, it becomes less realis-

tic to approximate the tag region with a single point or a uniform distribution, and the error of

this approximation leads to poorer estimates of the elongation time and the Poisson approximation

over-estimates the true variance (see H2B in Table 1). However, even for short genes, the lin-
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ear moments-based model, which includes the exact positions of all probes and the codon usage,

provides a more accurate estimate of the true system behaviors.

Having demonstrated close agreement of the simplified theoretical models with the full stochas-

tic simulations, we can now use the much more computationally efficient theoretical analyses to

explore how well different experiment designs should be expected to estimate translation parame-

ters from single-RNA translation dynamics.

Design of experimental assays for improved quantification of translation kinetics

Using the models above, and if we could experimentally estimate the average time that ribo-

somes take to translate a single complete protein from a given gene, τ (g), we could estimate k̄
(g)
e

using Eq 2.20. With this in mind, we next consider three approaches that have been used to estimate

τ (g) in recent experimental investigations (Fig. 2.1C-2.1E): Fluorescence Correlation Spectroscopy

(FCS), Run-Off Assays (ROA), and Fluorescence Recovery After Photobleaching (FRAP). Using

our full stochastic models to generate synthetic data and the simplified theoretical model to inter-

pret these data, we ask how accurately would each of these three assays work to identify k̄
(g)
e for

a comprehensive list of 2,647 human genes from the PANTHER database [71] and under different

imaging conditions corresponding to different frame rates or numbers of mRNA spots.

In the FCS approach, we compute the auto-covariance function, G(τ) (defined in Eq 2.15),

of the simulated fluorescence intensities, and from G(τ) we estimate the time lag, τFCS, at which

correlations disappear (see Fig. 2.1C and Methods). In the ROA approach, we simulate the addi-

tion of a chemical compound, such as Harringtonine, which binds the 60S ribosome subunit and

prevents ribosome assembly [72], and we record the average time, τROA, at which protein fluo-

rescence disappears from the RNA (see Fig. 2.1D and Methods). To approximate variability in

the specific time at which the drug reaches the mRNA and blocks ribosome initiation, we assume

that the time of initiation blockage occurs at a normally distributed time of 60 ± 10 seconds [73].

In the FRAP analysis, we simulate an instantaneous fluorescence bleaching of all nascent proteins

and then record the average time, τFRAP, at which fluorescence recovers to the average steady-state

level, Fig. 2.1E [74]. To reduce the effects of stochastic sample variation in these calculations, we
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applied a linear fit to ROA and FRAP experiments and determined τROA and τFRAP when these

intensities intersect defined thresholds of zero intensity for ROA or the mean recovered intensity

for FRAP. For FCS, we estimate τ05 as the time the auto-covariance function drops below 5% of

the zero-lag covariance and calculate τFCS = τ05/0.95.

The specific location of probes along the mRNA has different effects on the fluorescence kinet-

ics for the three experimental analyses. The characteristic decorrelation time in FCS and recovery

time in FRAP are both set by the time it takes a single ribosome to translate from the tag region to

the end of the mRNA. To reflect this, we define the approximate probe location, npFCS or npFRAP

in Eq 2.20, as the beginning of the tag region. In this case, the beginning of the tag region is at the

beginning of the gene, but in general, we note that moving the fluorescent tag regions downstream

toward the 3’ end would shorten the effective times measured using FCS or FRAP. In contrast, for

the ROA, the characteristic time is defined by how long it takes from when translation initiation

is blocked until all ribosomes complete translation. Because this time depends solely on the gene

length, and not on the probe placement, we assume npROA = 1, independent of probe placement.

In addition to these effects on average experiment timescale estimates, we note that placing probes

as near as possible to the 5’ end of the mRNA or using longer proteins increases the fluorescence

signal-to-noise ratio for all three approaches and can reduce estimation uncertainties.

To generate simulated data, we assumed that all 2,647 genes in the library have a global average

translation rate of k̄e = 10 sec-1 and an initiation rate of ki = 0.03 sec-1. For each experiment type

and each gene, we simulated time lapse microscopy data for 100 independent RNA and for 300

frames at 1/3 frames per second (FPS). We then estimated τ (g) from these simulations using each

of the three experimental methodologies, and we estimated the corresponding average elongation

rate using the specific gene sequence and Eq 2.4. Under these conditions, Fig. 2.3A-2.3C (top)

show the resulting distributions of estimated k̃e for long genes (> 1000 codons, n = 658, purple),

medium length genes (500 - 1000 codons, n = 1719, blue), and short genes (< 500 codons, n =

270, orange) using each of the three experimental approaches. When all genes were analyzed at

the same imaging conditions (100 spots, 300 frames, 1/3 FPS), the FCS approach was the most
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accurate with root mean squared (RMSE) of 0.63, 1.35, and 1.60 for short, medium and long genes,

respectively. For comparison, ROA had RMSE of 2.22, 2.52, and 1.78 and FRAP had RMSE of

5.22, 4.58, and 2.68 for the same combinations of genes and imaging conditions.

Figure 2.3: Comparing experimental methodologies to estimate ribosome elongation rates. Elongation

rate estimate experiments were simulated for 2,647 human genes, using (A) Fluorescence Correlation Spec-

troscopy (FCS), (B) Run-Off Assays (ROA), and (C) Fluorescence Recovery After Photobleaching (FRAP).

Top panels show the distributions of estimated k̃e for long genes (> 1000 codons, n = 658, purple), medium

length genes (500 - 1000 codons, n = 1719, blue), and short genes (< 500 codons, n = 270, orange) using

100 mRNA spots for 300 frames at 1/3 FPS. The true elongation rate is denoted by a vertical dashed line.

Bottom panels show the RMSE in elongation rate estimation as a function of the number of mRNA spots

and the sampling rate. Red boxes highlight all experimental designs that yield a RMSE < 2.0. Asterisks

represent the frame rate and number of repetitions used in panel (A). The ‘true’ elongation rate was set at

k̄e, and the initiation rate was fixed at ki = 0.03 sec-1 for all simulations.

We next extended our analysis to consider different numbers of spots and different frame rates

at which to collect the data, but under the assumption that the total number of frames would remain

fixed at 300. Fig. 2.3A shows the corresponding resulting RMSE for different combinations of

these experiment designs. As expected, we found the sampling rate and number of mRNA spots

to directly affect the estimated k
(FCS)
e . FCS was the only technique capable to estimate the true
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elongation rate within a RMSEFCS ≤ 2.0 sec-1 for short, medium and long genes. For short genes,

this could be accomplished with as few as 10 spots with a frame rate of 1/3 FPS. Medium length

and long genes could also be accurately quantified with 10 spots at frame rates of 1/3 FPS or 1/10

FPS.

The ROA was also capable to estimate the elongation rate to an accuracy of RMSEROA <2.0

sec-1 for medium and long genes, and for fast frame rates, the ROA approach could be more accu-

rate than FCS. However, when applying the ROA method to short genes, we obtained RMSEROA

>2.0 sec-1 under all combinations of sampling rates and repetition numbers at 100 or fewer spots

(Fig. 2.3B). This effect can be explained in that the number of ribosomes actively translating each

mRNA is small and highly susceptible to stochastic effects in the case of small genes. We also note

that the error using ROA depends strongly on the precision of the estimate for the specific time at

which translation is blocked after application of Harringtonine; if the average value of this time

is unknown, or if variations exceed our assumed standard deviation of 10 seconds, then accuracy

using ROA is severely diminished, especially for short genes.

We found that FRAP substantially overestimates the elongation rates for short size genes, which

can be observed in Fig. 2.3C, where it is shown that recovering a RMSEFRAP <2.0 sec-1 was not

possible for any of the considered combinations of the number of RNA spots and sampling rates.

We argue that the estimate of elongation rates using FRAP is limited by the intrinsic formulation

of the fluorescent probe design. FRAP requires an intensity generating mechanism to reestablish

the fluorescence to a pre-perturbation steady state. For single-molecule translation studies, this

mechanism relies on ribosomal initiation events that are rare and highly susceptible to variabil-

ity [23, 60, 24, 26]. This variability is reflected in the estimated τFRAP and in the final estimated

elongation rate. Even for the more favorable medium and long length genes, our results indicate

that for FRAP, a large number of mRNA spots (>100 mRNA spots) would be needed to achieve

accurate estimates (Fig. 2.3C).
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Calibration of the stochastic translation model using quantitative data from single-RNA

translation experiments

Having determined that the FCS approach provides the most consistent estimate of elongation

rate for genes of different lengths, we next turn to published experimental FCS data that quantified

the fluctuation dynamics for three human gene constructs of different lengths: KDM5B (1549 aa),

β-actin (375 aa), and H2B (128 aa) [23]. Each construct encodes for an N-terminal 10X FLAG

‘Spaghetti Monster’ SM-tag (318 aa) followed by the specific protein of interest (POI), and the

stop codon for each POI was followed by 24 repetitions of the MS2 tag in the 3’ UTR region.

For each construct, the MS2 signal was used to track the mRNA motion in three dimensions, and

the co-localized fluorescence intensity of the FLAG SM-tag was quantified as a function of time.

These movies were collected using frame rates of 1 sec for H2B (n = 10), 3 sec for β-actin (n = 17),

and 10 sec for KDM5B (n = 35), and each trajectory was tracked for up to 300 frames per mRNA.

Fig. 2.4A-2.4C (left) show example time traces (in arbitrary units of fluorescence) for the nascent

protein level per individual mRNA for each of the three genes. To achieve long trajectories, it

is necessary to use low laser power, which introduces higher variability in signal intensities from

one spot to another. Therefore, to account for variability in imaging settings between tracking

experiments, all trajectories were normalized to have a variance of one prior to auto-covariance

analysis.

To quantify the steady-state variability of nascent proteins per mRNA in units of mature protein

(ump), we used a second, independent calibration construct that contains only a single epitope for

FLAG ( [23], see Methods) and which we measured using higher laser intensities. After calibra-

tion, the number of mature proteins per mRNA was rounded to the nearest integer dj for a larger

number of spots (1844 to 302 spots per frame for 50 imaging frames) for a total of 6435, 3973,

and 751 spots for KDM5B, β-actin and H2B, respectively. The resulting data histograms were

down-sampled to create an effective population of 100 translating mRNA spots for each gene, and

histograms of these measurements are presented by the black lines in Fig. 2.4A-2.4C, middle.
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Figure 2.4: Fitting single-molecule data with the full stochastic model. Experimental data show the

fluctuation dynamics of gene constructs encoding an N-terminal 10X FLAG ‘Spaghetti Monster’ SM-tag

(green) followed by a protein of interest and finally a 24X MS2 tag (red) in the 3’ UTR region. Three pro-

teins were studied: A) H2B (orange), B) β-actin (blue) and C) KDM5B (violet). Middle figures show the

simulated (colors) and measured (black) probability distributions for an mRNA to have a fluorescence inten-

sity corresponding to i units of mature proteins (ump). Right images show the normalized auto-covariance

function (G) calculated from experimentally measured (black error bars) and computationally simulated

(colors) autocorrelation functions. Error bars in the experimental data and shadow bars in the simulated

auto-covariance plots represent the standard errors of the mean. Elongation and initiation rates were ob-

tained by parameter optimization, using the Hooke and Jeeves Algorithm ([75]). Optimized parameters and

their uncertainties (see Methods) are provided in Eq. 2.29.

We explored if the full stochastic model could be fit to capture simultaneously the experi-

mentally measured steady-state histogram of nascent proteins as well as the temporal dynamics

of nascent protein fluctuations on single mRNA. For model comparison to the steady-state his-

tograms, we ran 300 independent simulations per gene and parameter combination (∧) and esti-

mated the probability to observe intensities corresponding to d = 1, 2, . . . mature proteins per

mRNA. We denoted resulting probability mass vector as P (d;∧). Assuming that translation on

each mRNA is independent of the rest, we could then compute the likelihood of the steady-state

intensity data for each gene given the model as:
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LDist(Data|Model) =
100∏

j=1

P (dj;∧), (2.24)

and the log-likelihood could be computed:

logLDist(Data|Model) =
100∏

j=1

logP (dj;∧), (2.25)

As non-translating spots could not be separated from spots below a basal FLAG intensity in

the experimental data measurements, comparison between simulations and measured distributions

ignore all spots with an intensity value less than 1/2 ump.

To compare temporal dynamics of the experiments to those of the model, we assumed that

errors in the measurement of the average auto-covariances would be approximately normally dis-

tributed with variances equal to the measured standard error of the mean [76]. Under this assump-

tion, the probability to measure an auto-covariance of GD(τi) at lag time τi according to a model

that predicts GM(τi;∧) for parameter set ∧ is:

LAC(GD|GM(∧)) =
Nt∏

i=1

1√
2πσ(τi)2

exp

(
−GD(τi)−GM(τi;∧))2

2σ(τi)2

)
, (2.26)

where σ(τi)is approximated by the measured SEM auto-covariance at each τi. The logarithm

of this likelihood function can then be written as:

logLAC(GD|GM(∧)) = C −
Nt∑

i=1

GD(τi)−GM(τi;∧))2
2σ(τi)2

, (2.27)

where C is a constant that does not depend upon the parameter set ∧, and the second term is

the definition of χ2 [76] for the comparison of experimental and model-derived autocorrelation

analyses.

Because the steady-state distributions and the temporal dynamics were measured using inde-

pendent experiments, the total likelihood function to match both datasets is the product of the

individual functions, and the total log-likelihood is the sum of the individual log-likelihoods:
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logLtotal(Dist, G|M) =
∑

g

(logLDist(Data|Model) + logLAC(GD|GM(∧)), (2.28)

for g = KDM5B, H2B and β-actin. Now, that we have defined a log-likelihood function to

compare the data to the model under different parameter combinations, we can explore parameter

space, first to maximize this likelihood and then quantify what is the uncertainty in parameters

given the data.

Codon-dependent translation rates were assumed to be consistent among the three genes, as

defined in Eq 2.4, but the three genes were allowed to have different initiation rates, {k(g)
i }. Under

this assumption, the model has a total of four parameters. Upon fitting these parameters to maxi-

mize Eq 2.28, we found that the model could capture both the experimental distributions of nascent

proteins per mRNA and the auto-covariance plots for all three genes, as shown in Fig. 2.4A-2.4C

(middle and right). Optimized parameters and their uncertainties (see Methods) were found to be:





k̄e = 10.6 +−0.72sec−1

k
(KDM5B)
i = 0.022 +−0.004sec−1

k
(β−actin)
i = 0.05 +−0.01sec−1

k
(H2B)
i = 0.066 +−0.019sec−1

(2.29)

Exploring how translation dynamics vary with different parameters

After determining that our model was sufficient to reproduce the experimentally measured

fluctuation dynamics for H2B, β-actin, and KDM5B, we next extended our analyses to consider

a broader range of translation parameters. Specifically, we sought to explore the effects of vari-

ations to initiation and elongation rates as well as effects of synonymous codon substitutions or

modulation of tRNA concentrations.
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Ribosome collisions are rare at most experimentally observed translation initiation and elon-

gation rates.

Previous experimental reports [23, 60, 24, 26, 25] estimated a range of values from 0.01 to 0.08

sec-1 for the translation initiation rate, ki, and range from 3 to 13 aa/sec for the average elongation

rate, k̄e. Using β-actin gene as a reference, Fig. 2.5A depicts the variation in ribosome density as a

function of the base parameters ki and k̄e, and Fig. 2.5B shows the number of times an average ri-

bosome would collide with an upstream neighboring ribosome during a single round of translation.

For most parameter combinations, ribosome loading was predicted to be very low (i.e., fewer than

one ribosome per 100 codons) and collisions were rare (i.e., fewer than 10 collisions in an average

round of translation). However, for slow elongation and fast initiation, such as those measured by

Wang et al. [60]), a ribosome could collide with other ribosomes an average of ∼20 times for a

gene the length of β-actin. To further illustrate the effects that these initiation and elongation rates

would have on ribosome dynamics on different genes, Fig. 2.5C shows simulated kymographs

for SunTag-24X-Kif18b [25], FLAG-10X-KDM5B [23], and SunTag-56X-Ki67 [26], each with

their previously reported initiation and elongation rates. In addition, Fig. 2.12 and Fig. 2.13 Figs

provide more detailed results of the translation elongation simulations for β-actin translation at

multiple initiation rates and elongation rates, respectively. Each of these kymographs indicates

that ribosome dynamics can vary from collision-free dynamics (SunTag-24X-Kif18b and FLAG-

10X-KDM5B) to dynamics with multiple collisions (SunTag-56X-Ki67) and that collisions can

become more prevalent at high initiation rates or low elongation rates.

Codon usage affects translation speed and ribosome loading.

Simulations of genes H2B, β-actin, and KDM5B showed that each gene’s codon order in-

fluences the overall ribosome traffic dynamics, creating a non-uniform distribution of ribosomes

along the mRNA (Fig. 2.6). This observation of codon dependence led us to look more deeply into

possible effects that optimization could have on observable translation dynamics. Fig. 2.7 depicts

simulated kymographs for the β-actin protein for three synonymous sequences containing: (i) nat-

ural codons, (ii) most frequent synonymous codon (optimized), and (iii) least frequent synonymous
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Figure 2.5: Ribosome dynamics under experimentally reported initiation and elongation rates. A)

Simulated mean number of codons between ribosomes for the β-actin gene as function of initiation and

elongation constants. In the plot, previous literature initiation and elongation values are highlighted by the

squares [23, 60, 24, 26, 25], and values estimated in this study are denoted by asterisks. B) Simulated number

of collisions per ribosome as a function of initiation and elongation constants. C) Top panel, kymograph

showing the ribosomal dynamics for SunTag-24X-Kif18b using experimentally determined parameters ki =

1/100 sec-1 and k̄e = 3.1 aa/sec [25]. Center panel, kymograph showing the ribosomal dynamics for FLAG-

10X-KDM5B using experimentally determined parameters ki = 1/30 sec-1 and k̄e = 10 aa/sec [23] Bottom

panel, kymograph showing the ribosomal dynamics for SunTag-56X-Ki67 using experimentally determined

parameters ki = 1/13 sec-1 and k̄e = 13.2 aa/sec [26]. White lines in kymographs represent single ribosome

positions, and green spots represent ribosome collisions.

codon (de-optimized). For each case, S4B Fig illustrates the corresponding ribosome loading pro-

files; S4C Fig shows the simulated distribution of FLAG intensities in units of mature proteins, and

S4D Fig presents the corresponding simulated fluorescence auto-covariance functions. Fig. 2.8 and

Fig. 2.9 show similar results for the H2B and KDM5B genes, respectively.

In all cases, optimized gene sequences speed-up ribosome dynamics, and de-optimized se-

quences cause a slower elongation rate that is observed in the auto-covariance plots given in S4D,

Fig. 2.8D and Fig. 2.9D. Moreover, for constant initiation rates, faster elongation would lead to
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Figure 2.6: Codon usage and ribosome occupancy. Translation was simulated using the a β-actin gene,

varying initiations rates from 0.03 to 0.6, a constant elongation (ke = 10 aa/sec), and a ribosomal footprint

of 9 codons. Top panels show a kymograph of the ribosome movement. Lower panels show the distribution

of collisions for each ki.

lower ribosome loading (S4B, Fig. 2.8B and Fig. 2.9B) and therefore lower fluorescence intensi-

ties, as shown in the distributions given in S4C, Fig. 2.8C and Fig. 2.9C. All three genes under

consideration had natural codon usage that was enriched for the most common codons (i.e., the

natural and common codon usage dynamics are very similar), such that the translation rate, ri-

bosome loading, and fluorescence intensity could be substantially altered only by substitution to

rare codons. We note that the substitution of rare codons would lead to slower elongation and

substantially higher numbers of ribosome collisions.

Depletion of tRNA levels can induce ribosome traffic jams.

In addition to modulating translation speed through codon substitution, it is possible to perturb

these dynamics through experimental modulation of tRNA concentrations. For example, Gorgoni

et al., [13] used a mutated allele to the gene for tRNACUG to reduce the concentration of the glu-

tamine tRNA. To study how ribosome dynamics can be affected by the removal or addition of

specific tRNA, we simulated the translation dynamics of H2B, β-actin, and KDM5B at several

different concentrations for tRNACTC. Fig. 2.14 shows the effect of decreasing tRNACTC concen-

tration on the ribosome association time (left) and elongation rate (right). The simulations show
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Figure 2.7: Codon optimization designs for β-actin. A) Ribosome dynamics for β-actin under different

codon optimization constructs (natural sequence, using only common codons, and using only rare codons).

In the kymographs, white lines represent the ribosome positions, green spots represent ribosome collisions.

The average and standard deviation for the number of collisions is 3.2 ± 0.9 for the natural sequence,

2.4 ± 0.8 collisions for the optimized sequence (common codons), and 6.9 ± 1.5 collisions on the de-

optimized sequence (rare codons). B) Ribosome loading for the three codon optimization constructs. D)

Auto-covariances calculated for the natural gene sequence, a sequence where all codons are replaced by their

most frequent synonymous codon (optimized), and a sequence where all codons are replaced by their less

frequent synonymous codon (de-optimized). Simulations were performed using the optimized parameter

values given in Eq. 2.29.

that ribosome dynamics are relatively unchanged provided that the tRNACTC concentration remains

above approximately 10% of the native level. In contrast, depleting tRNACTC concentration below

10% of wild-type levels could lead to ribosome stalling, which was reflected in long ribosome

association times and low effective elongation rates. Ribosome traffic-jams are observed under

very low tRNACTC concentration as shown in Fig. 2.15 to Fig. 2.17. The prevalence of the CTC

codon was found to be important in that the effect of tRNACTC depletion occurs at higher tRNACTC

concentrations for the CTC codon rich KDM5B gene than for the other two constructs.
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Figure 2.8: Codon optimization designs for H2B. A) Ribosomal dynamics for H2B under different codon

optimization constructs (natural sequence, using only common codons, and using only rare codons). In

the kymographs, white lines represent the ribosome placement, green spots represent ribosome collisions.

The average and standard deviation for the number of collisions is 2.9 ± 0.7 for the natural sequence,

2.0 ± 0.6 collisions for the optimized sequence (common codons), and 6.0 ± 1.1 collisions on the de-

optimized sequence (rare codons). B) Ribosome loading for the three codon optimization constructs. D)

Auto-covariances calculated for the natural gene sequence, a sequence where all codons are replaced by

their most frequent synonymous codon (common), and a sequence where all codons are replaced by their

less frequent synonymous codon (rare). Simulations were performed using the optimized parameter values

given in Eq. 2.29.

RNA sequence to NAscent protein simulation (rSNAPsim)

To facilitate the simulation of single-molecule translation dynamics, all models and analyses

described above have been incorporated into a user-friendly Python toolbox, which we have called

rSNAPsim. This toolbox combines a graphical user interface (GUI) divided into multiple tabs,

graphical visualizations, and tables to present calculated biophysical parameters (see Fig. 2.10).

This simulator performs stochastic simulations considering the widely accepted mechanisms af-

fecting ribosome elongation, such as codon usage and ribosome interference. The toolbox is
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Figure 2.9: Codon optimization designs for KDM5B A) Ribosome dynamics for KDM5B under different

codon optimization constructs (natural sequence, using only common codons, and using only rare codons).

In the kymographs, white lines represent the ribosome placement, green spots represent ribosome collisions.

The average and standard deviation for the number of collisions is 4.3 ± 2.0 for the natural sequence,

2.8 ± 1.7 collisions for the optimized sequence (common codons), and 7.8 ± 3.1 collisions on the de-

optimized sequence (rare codons). B) Ribosome loading for the three codon optimization constructs. D)

Auto-covariances calculated for the natural gene sequence, a sequence where all codons are replaced by

their most frequent synonymous codon (common), and a sequence where all codons are replaced by their

less frequent synonymous codon (rare). Simulations were performed using the optimized parameter values

given in Eq. 2.29.

available in Python 2.7/3.5+ and wrappers for optimized C++ code are provided with installation

instructions.

rSNAPsim takes as an input the gene sequence in Fasta format or an NCBI accession number.

The user can decide on the type (FLAG, SunTag, or Hemagglutinin), number, and placement of

different epitopes upstream, downstream or within the protein of interest. The toolbox provides

the user with a visualization of the gene sequence and the overall gene construct including the

position of the POI and the positions of the Tag epitopes. From the concatenated tags and POI se-

quences, rSNAPsim automatically generates a discrete single-RNA translation model with single
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Figure 2.10: RNA Sequence to NAscent Protein Simulation (rSNAPsim). A) rSNAPsim is divided into

four upper tabs and three lower tabs. Upper tabs allow the user to select and adjust sequences and then run

simulations under varying conditions. Sequence selector allows the user to load a raw text file or GenBank

file for their simulation needs. An option to pull from GenBank via accession number is available. All

simulation parameters are also set on this tab. B) After a file is loaded, rSNAPsim allows the user to change

the tRNA copy numbers and codon types under the Codon Adjustment tab. Post simulation, the lower tabs

display simulation information such as average intensity over time of N simulations. C) Screen-shot of a

kymograph. The kymograph tab allows the user to create their kymographs with varying display options.

The Stochastic Simulation tab shows the time course data from the selected simulations. The Fluorescence

Correlation Spectroscopy tab displays and compared simulated and experimental single-molecule translation

dynamics, the auto-covariance function, and biophysical parameters, such as the elongation constant or

ribosomal density. All functionality in the GUI is also available in a command-line module for Python

included with rSNAPsim.

amino acid resolution and codon-dependent translation rates. Once generated, these models can be

simulated using stochastic dynamics, and the results can be quantified in terms of predicted transla-

tion spot intensity fluctuations (i.e., single-RNA translation time traces or kymographs), ribosomal

density profiles, and fluorescence signal auto-covariance. The graphical user interface also pro-

vides for easy generation of simulated results for several different experimental assays, including

FCS, FRAP, and ROA. From these simulation results, biophysical parameters such as the overall

elongation rate or ribosome association rate are automatically calculated and returned to the user.

The toolbox provides additional interfaces for the user to design and simulate gene sequences with

substitution between natural, common, or rare codons for any combination of amino acids or to
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manually adjust the concentration of tRNA for specific codons. Simulations are saved automati-

cally so that the user can compare translation dynamics for multiple different gene constructs. The

toolbox allows for the user to load experimental single-mRNA fluorescence trajectories, compute

auto-covariance functions with various normalization assumptions and compare these to model

results. For example, the rSNAPsim screenshot in Fig. 2.10A shows a comparison of model and

experimental normalized auto-covariances for KDM5B.

The open-source toolbox was tested in Mac, Windows, and Linux operating systems and is

available at: https://github.com/MunskyGroup/rSNAPsim.git. Simulating a gene

with 1567 codons for 100 repetitions of 5000 seconds each takes less than 1 minute using a laptop

computer with a Core i7 and 32GB of RAM.

2.1.4 Conclusion

Imaging translation in living cells at single-molecule resolution is a new experimental technol-

ogy that has been applied to only a few genes so far [23, 60, 24, 26, 25, 28, 63], but the number

of such studies is expected to grow considerably in the near future [27]. Computational models

can aid in this research by extracting improved biophysical understanding and parameters from

single-molecule data. For example, in related analyses of transcription dynamics, Rodriguez et

al., [42] used a coarse grained stochastic model to capture the polymerase elongation process and

reproduce transcription dynamics for a multi-state promoter. Here, we extended that theoretical

framework to include the most widely accepted mechanisms affecting nascent protein translation,

including codon-dependent elongation and ribosome interference [64] and with specific attention

to the placement of fluorescent probes. To complement previous models that have sought to re-

produce data from earlier bulk cellular assays [13], and ribosome profiling data [77, 78], our focus

has been to integrate single-mRNA stochastic dynamics models with data from in vivo single-RNA

translation dynamics experiments.

We developed a general codon-dependent model, where nascent protein distributions and auto-

covariance functions were generated by detailed stochastic simulations that tracked the positions
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of ribosomes relative to their neighbors. However, in the absence of perturbations to change initi-

ation and elongation rates, most ribosomes do not encounter others during elongation (Fig. 2.2), at

least not at currently accepted elongation and initiation rates from the literature [23, 60, 24, 26, 25].

This observation justifies an assumption of sparse ribosome loading and independent ribosome mo-

tion, which allow the linear reaction rate reformulation of the codon-dependent translation model

into a simplified stochastic moment model and further reduction led to analytical expressions for

the steady-state mean and variance of fluorescence in units of mature protein levels per mRNA

(Eq 2.21) and for the decorrelation time (Eq 2.18). For initiation rates at or below reported experi-

mental values, the simplified analytical model and the full model are in strong agreement (Fig. 2.2).

However, increasing initiation rates relative to the base elongation rate, inserting more rare codons

into the sequence, or depleting tRNA levels for some codons will increase the number of ribosome

collisions and violate the simplifying assumptions (Figs 2C and 5). In such circumstances, the full

stochastic model predicts slower effective elongation rates, longer ribosome association times, and

accumulation of more ribosomes per mRNA.

With the full and reduced models in hand, it becomes possible to predict how well three mod-

ern methodologies would estimate elongation rates from single-molecule measurements: Flu-

orescence Correlation Spectroscopy (FCS) [27], Fluorescence Recovery After Photobleaching

(FRAP) [24, 26, 27], and Run-Off Assays (ROA) after perturbation with inhibitory drugs [60, 25].

Through simulations on 2,647 genes, we demonstrated that estimating elongation rates for long

genes (>1000 codons) could be achieved with great accuracy using any of these methodologies,

provided that a minimal number of mRNA spots are considered and with an appropriate temporal

resolution as demonstrated in Fig. 2.3. However, our results suggest that FCS would be the most

likely method to provide an accurate elongation rate estimate (Fig. 2.3A), especially for small and

medium size genes. Although our simulation results suggest that FCS is the best single-molecule

option to estimate elongation rates, it is important to remark that FCS analysis requires the tracking

and measurement of intensity for single spots over long periods of time, and such measurements are

susceptible to photobleaching and molecular motion. The former issue has been addressed through

49



the application of optical techniques such as highly inclined thin illumination microscopy [79] and

the latter could be addressed through the application of molecular tethers to reduce motion [25].

On the computational side, one could potentially address concerns of bleaching or motion relative

to the imaging plane by including hyper-parameters to describe these dynamics and then fit these

hyper-parameters concurrently with model parameters using Bayesian analyses.

Run-off assays using Harringtonine to prevent translation initiation can give accurate estimates

when genes are long, but the accuracy of such an approach is highly diminished for shorter genes

(Fig. 2.3B) or if the precise time of drug action on the mRNA is not known. Our analyses suggest

that run-off assays directly depend on the number of ribosomes actively translating the mRNA at

the time of perturbation, and since this number is highly susceptible to stochasticity on small genes,

the ROA would require analysis of a much larger number of spots to achieve accurate results.

Our analyses show that FRAP gives poor estimates for all genes of all sizes, and for all tested

experimental designs, Fig. 2.3C. The recovery of the intensity after photobleaching depends heav-

ily on the initiation rate, which has been found to be an order of magnitude smaller than the

elongation rate, making the recovery a highly stochastic process as well. We directly compared the

error size for the studied methods, obtaining that the error in FRAP and ROA is two times larger

than in FCS, Fig. 2.11.

Using FCS data, we demonstrated that a codon-dependent translation model containing one

universal average elongation rate and one gene-dependent initiation rate could capture quantita-

tively the distribution of nascent proteins per actively translating mRNA, as well as the temporal

dynamics, for three different genes expressed in human U2OS cells (Fig. 2.4). Combining these

estimates of initiation and elongation rates with reported values for the same rates identified us-

ing other methods and for other genes, we could predict ribosome dynamics and nascent protein

intensities for reported gene sequences [23, 60, 24, 26, 25, 28, 63], (Fig. 2.5). Those results al-

lowed us to conclude that relatively fast elongation rates help maintain substantial space between

ribosomes on a single mRNA. As a result, these ribosomes should not often collide, and the final

ribosome-mRNA association times should remain unchanged for typical initiation rates, natural
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Figure 2.11: Error size for the different methodologies used to calculate elongation rates. Translation

was simulated using the a β-actin gene with the optimized parameter values given in Eq. 2.29. Error bars

represent the standard deviation (SD) of the number of repetitions given at the top of each plot. Vertical

red lines represent the application of Harringtonine for ROA. Vertical red line represents the time of photo-

bleaching for FRAP.

codon usage, and normal tRNA availability, as shown in Fig. 2.6. Nevertheless, ribosome dynam-

ics may be affected by genetic or environmental perturbations, such as increased initiation rates

(S1 Fig), reduction of elongation rates (S2 Fig), enrichment for rare codons (Fig. 2.7 to Fig. 2.9),

or depletion of tRNA (Fig. 2.14 to Fig. 2.17).
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Figure 2.12: Effect of initiation rate on ribosome dynamics. Translation was simulated using the β-actin

gene, varying initiations rates from 0.03 to 0.6, a constant elongation (ke = 10 aa/sec), and a ribosomal

footprint of 9 codons. Top panels show a kymograph of the ribosome movement. Lower panels show the

distribution of collisions for each ki.

Figure 2.13: Effect of elongation rate on ribosome dynamics. Translation was simulated using the β-

actin gene, varying elongation rates, a constant initiation (ki = 0.06 sec-1), and a ribosomal footprint of 9

codons. Top panels show a kymograph of the ribosome movement. Lower panels show the distribution of

collisions per each ke.

The present model and rSNAPsim toolkit have intentionally been made as general and adapt-

able as possible to efficiently simulate and capture the most accepted mechanisms taking place
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Figure 2.14: Effects of tRNA depletion on ribosomal dynamics. A) Three different genes were studied:

KDM5B (magenta), β-actin (cyan) and H2B (orange). Left plot shows the ribosome association time as

a function of the tRNACTC concentration. Right plot, shows the calculated elongation rates estimated by

dividing the gene length by the average time needed by the ribosome to complete a round of translation.

B) Kymographs show the ribosomal dynamics without depletion (upper panels) and with 99% depletion of

tRNACTC (lower panels). Above the kymographs, the bar represents the studied gene, and the gray area

represents the tag region, black lines denote the positions CTC codons. The frequency of the CTC codon is

29 for KDM5B, 8 for β-actin and 2 for H2B. Simulations were performed using the optimized parameter

values given in Eq. 2.29.

during translation, i.e. codon-dependent elongation and ribosome interference. At present, the

specific rates of codon-dependent elongation are only approximate and based on the prevalence of

the corresponding tRNA in the human genome [13].
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Figure 2.15: Depletion of specific tRNACTC for H2B. Kymographs (left) show the simulated ribosomal

dynamics under different percentages of depletion of tRNACTC. At the top of the kymographs, the bar

represents the studied gene, the gray area represents the tag region, and black lines denote the positions of

CTC codons. Histograms (right) show the probability of ribosomal collision. Simulations were performed

using the optimized parameter values given in Eq. 2.29.

By modifying this assumption, it is possible to further improve fits for the elongation dynamics

shown in Fig. 2.4, and one could find codon dependent rates to explain the diversity of experimen-
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Figure 2.16: Depletion of specific tRNACTC for β-actin. Kymographs (left) show the simulated ribosomal

dynamics under different percentages of depletion of tRNACTC. At the top of the kymographs, the bar

represents the studied gene, the gray area represents the tag region, and black lines denote the positions of

CTC codons. Histograms (right) show the probability of ribosomal collision. Simulations were performed

using the optimized parameter values given in Eq. 2.29.
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tally measured elongation rates depicted in Fig. 2.5. For now, we argue that data from fewer than

a dozen genes (and in different cell lines) is as yet insufficient to fully constrain codon dependent

rates for all 64 codons. However, as new data is collected for more and more genes, we envision

that it will become possible to tune these parameters with greater precision and to capture a greater

complement of genes.

In addition to variation in initiation, elongation, codon usage, and tRNA concentrations, many

other factors have been described to affect ribosome dynamics. These include, but are not limited

to, ribosome stalling or drop-off, pauses due to secondary structures of the specific mRNA, and

the electrostatic and hydrophobic interactions between the mRNA and the ribosome [64, 78]. We

expect that the increased prevalence of single-RNA translation experiments will add to the current

understanding and reveal additional mechanisms taking place during translation. At the same time,

such discoveries are bound to create new layers of model complexity. Although these mechanisms

have not yet been implemented in our present model, they can be captured easily through mod-

ification of the set of elongation parameters, ke(i). For example, the rSNAPsim toolbox allows

for direct modification of elongation rates at a specific codon, which can be used to mimic pauses

at certain locations. Furthermore, all of the computational analyses described above are easily

adapted to allow for analysis of simultaneous multi-frame translation dynamics (e.g., when trans-

lation occurs on overlapping open reading frames as is the case during frame-shifted translation),

as we implemented and described in [28]. Similarly, the code is easily extended to analyze trans-

lation of genes that contain more than one set of fluorescence tags in multiple colors, as has been

explored experimentally in [63].

A main limitation in the experimental determination and quantification of translation mech-

anisms is the specific design of the experiment to make that quantification. For example, in its

current form, the introduction of tag regions in the open reading frame of the gene of interest can

dramatically alter the overall translation dynamics. As depicted in Fig. 2.1B, the tag region is

around 300 codons in length, and this added length can substantially bias the measurement bio-

physical parameters, especially when quantified using FRAP or run-off assays (see Fig. 2.3). On
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Figure 2.17: Depletion of specific tRNACTC for KDM5B. Kymographs (left) show the simulated riboso-

mal dynamics under different percentages of depletion of tRNACTC. At the top of the kymographs, the bar

represents the studied gene, the gray area represents the tag region, and black lines denote the positions of

CTC codons. Histograms (right) show the probability of ribosomal collision. Simulations were performed

using the optimized parameter values given in Eq. 2.29.

the one hand, our model can help to explain these differences (Fig. 2.11), but more importantly,

the models themselves can be used to simulate and evaluate different computational designs to
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determine which are more likely to reveal important biophysical mechanisms or parameters. We

envision that user-friendly simulations, such as those provided by rSNAPsim, can be used to opti-

mize combinations of probe placement, gene length, codon usage differences, video frame rates,

drug-based perturbations, or specifications of movie length.

Such simulation-based designs can be conducted prior to any new experimental analysis and

then used again to fit the results of those experiments, to pinpoint discrepancies that may reveal new

mechanisms, and to refine model parameters and mechanisms. Such integration of experiment and

computational model can help set the stage for more efficient experiments that specifically target

and quantify the full complement of factors that modulate translation dynamics in living cells.

2.1.5 Methods

Studied gene constructs

To constrain our analyses, we use published gene sequences used on single-molecule transla-

tion studies. An initial set of sequences were obtained from Morisaki et al., [23], these constructs

encode an N-terminal region with 10 repeats of FLAG-SM-tag (318aa) followed by one of three

different genes of interest: KDM5B (1549 aa), β-actin (375 aa) and H2B (128 aa), the 3’ UTR

region contains 24 repetitions of the MS2 stem-loops. A second source of gene sequences comes

from Yan, et al., [25], this gene construct encodes 24 repeats of SunTag followed by the gene of

interest kif18b (1800 aa), and the 3’ UTR contains 24 repeats of the PP7 bacteriophage coat pro-

tein. A sequence encoding 56 SunTag repeats, the gene of interest Ki67 (3177 aa), and the 3’ UTR

containing 132 repeats of MS2 stem-loops was obtained from Pichon et al., [26]. Finally, multiple

gene constructs were build using 10 repeats of FLAG-SM-tag followed by a human gene. The

studied human genes come from a comprehensive list of 2,647 gene sequences obtained from the

PANTHER database [71].

Correction to mean and variance of fluorescence intensity for the theoretical model

Neglecting ribosome exclusion, and under an assumption of memory-less initiation with expo-

nential rate ki, the number of ribosomes to initiate translation in a fixed time, τ , is described by
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a Poisson distribution with mean and variance equal to kiτ . For a single probe site, we can fix

τ as the time it takes a ribosome to move from that site to the end of the mRNA, and the mean

and variance of nascent protein fluorescence can be estimated in terms of units of mature protein

fluorescence according to Eq 2.21.

However, for probes that are spread out across a finite tag region, this distribution requires a

slight correction to account for ribosomes within the probe region that only exhibit partial pro-

tein fluorescence. Let α(s) denote the intensity, scaled in units of mature protein, exhibited by a

ribosome at the position, s, along the mRNA as follows:




α(s) =

s/LT for 0 ≤ s < LT

1 for LT ≤ s < L
(2.30)

Under an assumption of uniform codon usage, a given ribosome on the mRNA has equal prob-

ability to be at any site along the mRNA. If there are an average of µ mRNA total on the mRNA,

then the number at each location is approximated by a Poisson distribution with mean and variance

both equal to µ/L ·ds. Recall that the mean of the sum of two independent random variables is the

sum of two means. Therefore, to find the total mean intensity contribution for all ribosomes on an

average mRNA (Eq 2.22), we can integrate along the length of the mRNA to find:

µI =

∫ L

0

µ

L
α(s)ds, (2.31)

=

(
1− LT

2L

)
µ (2.32)

Similarly, we recall that the variance of a random variable with variance σ2 and scaled by α is

equal to α2σ2 and the variance for the sum of two such variables is the sum of the corresponding

variances. Therefor, by noting that µ = σ2, we can find the total variance of intensity on a single

mRNA (Eq 2.23) as:
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σ2
I =

∫ L

0

µ

L
α(s)2ds, (2.33)

=

(
1− 2LT

3L

)
µ (2.34)

Fluorescence Correlation Spectroscopy (FCS)

FCS is usually implemented by computing and comparing the auto-covariances (or autocorre-

lations) of fluorescence intensities of one or more particles within small fixed volumes [80, 81],

but similar correlation analyses have been used to quantify intensity fluctuations for tracked sin-

gle particles [56]. For our analysis, we compute the temporal auto-covariance times of the FLAG

fluorescence signal intensity for a moving volume that is centered around the moving RNA spot.

To estimate the rate of translation elongation, we took the following approach: first, each ex-

perimental and simulated intensity time courses were centered to have zero mean by subtracting

the average intensity of the time series, and then we normalize with respect to the standard devi-

ation. Next, we computed the covariance function of the fluorescence intensity for each intensity

spot according to the standard formula:

G(τ) = E{(It − µt)(It+τ − µt+τ )}, (2.35)

where τ denotes the time delay and E{v} denotes the expectation of some arbitrary value v.

To reduce the effects of high-frequency shot noise and tracking errors that are not considered in

the model, the zero-lag covariance G(0) was removed from the analysis [82]. For simulated data,

we normalize the auto-covariance function by the simulated variance, G(0), which we can compute

directly. For the experimental data, we cannot measure G(0) directly because it is dominated by

shot noise, so we instead interpolate G(0) using a linear interpolation of the first four points of

the measured auto-covariance function. For statistical purposes, auto-covariances for multiple

intensity time courses were calculated, and their value was averaged. Final results are reported as

mean values and standard error of the mean (SEM). This signal analysis allowed us to measure

60



the dwell time (τFCS) at which G(τ) = 0, from which the average ribosome elongation rate can be

calculated as:

k(FCS)
e = L/τFCS (2.36)

Parameter uncertainty

Parameter uncertainty analyses were calculated by building parameter distributions that repro-

duce results within a 10% error, calculated from 1,000 independent simulations using randomly

selected parameter values. Simulations were performed on the W. M. Keck High-Performance

Computing Cluster at Colorado State University.

Numerical methods

For solving the model under stochastic dynamics we used the direct method from Gillespie’s

algorithm [4] coded in Matlab 2018b and Python 2.7. ODE models were solved in Python 2.7.

Codes and experimental data

All codes and experimental data are available at:

https://github.com/MunskyGroup/Aguilera_PLoS_CompBio_2019.git.
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2.2 Generalizations to the rSNAPsim software package to allow for model

building, experiment design, and multiple fluorescent colors.2

This chapter describes the development of the rSNAPsim as a Python software package after

the 2019 paper, its current functionality, and some example uses of the package. After the 2019

paper, our lab sat down and decided what to do with the rSNAPsim and its future directions. Our

lab had a pressing need for a generalized modelling and analyses software; When working with

experimental collaborators, we often had to write custom code and start computational modeling

from scratch each time —which screams for a need of a unifying software to save time and effort.

Thus, the goals for the rSNAPsim v2.0 were and are as follows:

• Greater generalizability of mRNA models

• Usability, open source, and versatility

• Unification of multiple analyses used in our lab

rSNAPsim has been updated to allow for arbitrary probe placements, probe sequences, and as

many colors as the user desires to simulate intensity trajectories for (albeit in practice 3-4 colors

are resolvable in NCT). Ribosomal movement is is not locked to human codon frequency scaling,

but can accommodate any arbitrary stepping rules the user desires. Lots of general functions are

now included that are commonly needed for NCT analyses such as intensity covariances, sequence

optimization, and sequence statistic calculations. One of the core functionalities now included is

a general TASEP model builder that allows multiple models to be designed efficiently. Our model

builder is indispensable since our work with experimentalist collaborators often involves a request

to provide multiple models, which would have had to been hand-written each time. Over the past 5

years, the model maker has been revised three times to accommodate requests for more and more

complicated mRNA models. The first version of the model maker in 2020 only provided custom

ribosomal movement (arbitrary jumps, enters and exits). When presented to our collaborators in

2William S. Raymond, Luis U. Aguilera, Brian Munsky
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Figure 2.18: Graphical description of the rSNAPsim software environment.

the Stasevich lab, they instantly suggested a model for viral protease cleavage on nascent peptides

which was not included. Rounds of back and forth coding and “focus testing” eventually lead our

current general TASEP builder which is versatile enough to be used for almost any NCT experi-

mentation (the main current limitation is if any backwards movement is included the simulation

can no longer keep track of what protein was made).

In addition to model solving and analyses, rSNAPsim provides functionality to do model infer-

ence, model selection, and experiment design. The entire package is meant to be a start to finish

modeling software for our lab; See Fig. 2.18 for a graphical depiction of the Python package’s

key modules. Another extension developed by Dr. Luis Aguilera called rSNAPed (RNA Sequence

to NAscent Protein Experiment Designer) for microscope simulation will be covered in detail in

Chapter 2.3.
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2.2.1 rSNAPsim provides easy interface to generate sequence based mecha-

nistic models for NCT experiments and mRNA translation.

General workflow for rSNAPsim models involves providing DNA or RNA sequence data (.gb,

.txt, .dna, .fa) containing some open translation reading frames (ORFs) which can be converted

to waiting times or stepping rates for ribosomes along a given mRNA. Without sequence data, a

Figure 2.19: Caption on next page.
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Figure 2.19: Four example models created with the rSNAPsim TASEP model maker. A) Four dif-

ferent models are shown to highlight the versatility of the rSNAPsim TASEP model maker: CAP-IRES,

frameshifting, viral protease epitopes, and ribosomal drafting. CAP-IRES and frameshifting use the models

described in [35] and [28] respectively. The CAP-IRES model features two separate open reading frames,

one mediated by CAP-dependent translation initiation, the other by IRES (internal ribosomal entry site)

initiation. Two open reading frames each have a separate fluorescent tag, (FLAG in 0 frame and SunTAG in

-1 frame), enabling a readout of translation in both ORFs. The frameshifting model contains a Frameshift

Sequence (FSS) hairpin that causes pausing at that location. Depending on the mRNA state, ribosomes

either stay in frame 0 or shift to the -1 frame after the pause, subsequently translating different fluorescent

color tags. The viral protease is a toy model that inserts an cleavage site which allows for enzymatic cleav-

age co-translationally of the nascent chain thus losing the upstream fluorescent tag. Ribosomal drafting is

another toy model that speeds up downstream ribosomes if there is a leading ribosome within 100 codons.

Ribosomes speed up proportionally to how far they are from the leading ribosome, resulting in trains of

ribosomes all moving at a similar speed during translation. B) Example kymographs of ribosome move-

ment, intensity trajectories, and state trajectories (if applicable) of each model. Each ribosome is colored

individually by the heat-map within the kymograph. Below the kymograph is the occupation density of the

mRNA over the codons. C) Example observations that can be drawn from the models. For the CAP-IRES

and frameshifting model, observed spot types of 500 different spots were generated from the model to match

their origin papers. For the toy models, normalized autocorrelation functions and ribosomal profiling are

shown as potential data to collect from the model.

model can be built with stepping rates alone if desired. rSNAPsim detects open reading frames

within the sequence data and the user selects a desired ORF to run translation simulations with;

Alternatively, the user can construct a single lattice track from multiple ORF’s stepping rates. This

information is stored in a dedicated mRNA object. The default TASEP uses a particle size (riboso-

mal footprint) of 9 codons, a single initiation and termination site detected from the sequence and

codon dependent stepping rates. Default stepping rates are calculated using the human Nakumura

codon frequency [67] to scale an mRNA’s fast or slow codons vs the average codon frequency.

For this stepping rate calculation, A global elongation rate is selected by the user, k̄e, and a given

codon’s rate, ke,codon, is calculated by:

ke,codon = k̄e ·
ucodon

ū
(2.1)

Where ucodon is the codon frequency of a given codon, and ū is the average codon usage

across all codons in a given genome —this is the model from Chapter 2.1. The stepping rates can

alternatively be provided directly to the model through any calculation as long as the length of the
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stepping rates matches the number of codons in the mRNA; A different codon frequency or tRNA

abundance dictionary can also used to calculate stepping rates, some of which are provided within

a dictionary stored in the main module. Once the stepping rates, initiation rate, and termination

rate are selected, the user can then decide simulation parameters such as simulation time or number

of simulations for the TASEP before running stochastic trajectories. The core TASEP models are

precompiled into a background C++ library for speed.

If the default TASEP model is not sufficient, the user can create their own models with the

packages TASEP model builder. The model builder allows a multitude of models to be imple-

mented quickly for model selection. In the simplest general terms, the model maker allows for any

enter (particle arriving), jump (particle moving), leave (particle leaving), state change, or resource

usage. Each of these events has a propensity function of the entire simulation: The particle (agent)

array, defined rates, the current lattice state, time, the global state, the current resources, and the

previous reactions.

propensityi = f(ratesi, ribosomes, lattice, kelongation, t, probes, states, resources,#ribosomes)

(2.2)

Each propensity pairs with a general stoichiometry that can change any counts of particles,

states, probes, or resources during the simulation.

stoichiometryi = [∆ribosomes,∆states,∆resources,∆probes] (2.3)

Probe binding is dictated by any function of time or resources that ranges from 0 to 1. When-

ever a ribosome encounters a probe location, a random uniform number is pulled and compared

with this probe binding function and if successful (greater than the random number) a unit of

fluorescence is added to that ribosome within the agent array.

probe binding = max(min(f(t, resources), 1), 0) (2.4)
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Taken together, these highly generalized propensities and stoichometries allow for a user to

simulate complicated interactions such as ribosome-ribosome interactions, peptide cleavage, struc-

ture formation, frameshifts, and amino acid errors (and so much more). Figure 2.19A shows four

different models generated with the model builder and their outputs. These models were selected

to showcase the versatility of the current model builder software and its capability to reproduce

reported literature models. Figure 2.19A shows cartoon diagrams of each model, CAP-IRES [35],

frameshifting [28], a viral protease toy model, and a ribosomal drafting toy model.

CAP-IRES model

The CAP-IRES model replicated here is taken from Koch et al. [35] and uses an alternate start

site NCT bicistronic construct with two separate open reading frames —one where ribosomal ini-

tiation is cap-dependent (CAP) and another mediated by an internal ribosomal entry site (IRES).

Each ORF contains a different color fluoresecent tag (10xsmFLAG for CAP, 24xsmSun for IRES),

allowing for investigation of the translation in each ORF of this construct simultaneously. The

construct allows for investigation of translation status on local IRES elements, with the open ques-

tion of “if one ORF was active does it turn off the other?” After performing model selection, the

manuscript describes a best fit model of four states, SOFF, SCAP−ON, SIRES−ON, SCAP+IRES−ON.

CAP turning on and off and IRES turning off are both dictated by respective constant rates. How-

ever, IRES turning on has two separate rates based on whether CAP is actively translating or not,

kON−I and k′

ON−I respectively. k′

ON−I is one magnitude larger than kON−I, resulting in the novel

dynamic where if CAP is on, IRES is much more likely to turn on and begin translating.

Fig. 2.19A (column 1) shows the model schematic and mRNA state diagram. Fig. 2.19B (col-

umn 1) shows an example stochastic trajectory of the model where all 4 states are observed. Flu-

orescence intensity readout displays both colors alone and simultaneously within the same mRNA

over time on this example trajectory, as well as all state transitions. Fig. 2.19C (column 1) shows

observations from the original manuscript recreated using the rSNAPsim model maker. Spot types

were obtained by letting the simulations run to steady state and then recording the displayed in-

tensity at a cut off time. Out of 500 mRNAs, 258 (51.6%) were off displaying no fluorescence in
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NCT channels, 146 (29%) were undergoing CAP-dependent translation, 34 (7%) were undergo-

ing IRES-dependent translation, and (62%) were translating in both open reading frames, roughly

matching the reported spot type distribution from the original manuscript.

Frameshifting model

The frameshifting model is the two state bursting model used in Lyon et al. [28] to fit their

frameshifting NCT construct. Two separate fluorescent tags, FLAG and SunTag, are encoded in

the 0 and -1 frames downstream of a frameshift sequence (FSS) at codon 24. Ribosomes initiate

at a rate kinitiation, and progress at a standard codon dependent elongation rate. The mRNA can

exist in two states: FSSON where the frameshift sequence is active and folded, resulting in -1

frame proteins, and FSSOFF where the frameshift sequence is unfolded and inactive resulting in 0

frame proteins. The mRNA is free to switch between the two states regardless of ribosomal load

(ribosomes do not exclude secondary structure formation). Upon reaching the frameshift sequence

(codon 24), ribosomes pause at two rates based on the FSS state, kFSS ON or kFSS OFF. After

passing the FSS, ribosomes proceed as their frame’s codon dependent rates dictate. Exclusion is

still enforced upon the ribosomes as different frames differ by a single nucleotide and both frames

occupy the same physical space. Model rates were taken from Lyon et al. and used to reproduce

their reported data using the rSNAPsim model maker.

Fig. 2.19A (column 2) shows the schematic of the model construct with FLAG tag in green and

SunTag in red in the -1 frame. Fig. 2.19B (column 2) shows an example trajectory that matches the

original model description. Ribosomes pause for a relatively long time at the front of the construct

due to the FSS sequence, shown in the occupancy profile. The example kymograph also exhibits a

state switch from FSS OFF to FSS ON , resulting in a switch in fluorescent colors. Fig. 2.19C

(column 2) shows the observations used in the original paper recreated with the rSNAPsim model.

With 1000 simulated runs stopped at steady state, 917 (92%) of spots are translating in 0 frame, 53

(5%) are translating in -1 frame, 27 (3%) mRNAs recently switched states resulting in both colors

present, and finally 3 (0.3%) mRNAs had intensities below a selected threshold of 5 fluorescent tags

in both colors and thus were considered “Off.”In the original text, the authors also used a modified
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construct to investigate pausing at the frame shift site, this construct added a 10x Hemagglutinin

tag in front of the FSS, moving the FSS to codon 370. This construct exhibits a “Battery”of

ribosomes due to a ribosomal traffic jam built up before the slow FSS region, and when treated

with harringtonine for a run-off assay, the HA tag fluorescence is retained much longer than the

-1 smSun tag fluorescence. smFlag was not added to this experiment due to color resolvability

limitations. rSNAPsim allows the model to be easily adjusted to this new experiment and the

recreated average change in fluorescence after harringtonine application is shown for both color

channels in the final panel of Fig. 2.3C (column 2).

Viral protease model

The viral protease toy model showcases a TASEP representing translation of a viral protease

epitope downstream of the NCT fluorescent tag, analogous to polyprotein synthesis of many

viruses (albeit with only one cleavage site on our model). Once synthesized, this epitope can

be cleaved at a random rate defined by the user, removing the intensity associated with a given ri-

bosome and lowering overall intensity of the tagged mRNA. This toy representation is highlighted

here to showcase the new option of reactions that affect intensity and location based reactions that

were not captured in previous rSNAPsim model maker versions. For the sequence used for the toy

model, a 10xsmFLAG tag was added to the CCDS sequence from PRNP mRNA (PrP) for a total

length of 591 codons with a simulated cleavage rate past codon 320. The additional propensity

used is the cleavage rate times a boolean that a given ribosome is past codon 320:

wncleavage, ith ribosome = (xi > cleavage codon) ∗ cleavage rate (2.5)

Where xi is the location of the ith ribosome. The stoichiometry for the above propensity re-

moves 10 probes from a given ribosome since there are 10 upstream probes and a probe function

of 1, guaranteeing all those upstream probes bind.

Scleavage, ith ribosome = [0, 0, 0, ...,−10] (2.6)
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Fig. 2.19A (column 3) shows the schematic for the viral protease model. An example trajec-

tory of the model with a high cleavage rate at codon 320 (immediately downstream of the last

fluorescent epitope) is shown in Fig. 2.19B (column 3). The intensity is lost quickly for each in-

dividual nascent change once it passes the cleavage codon as this trajectory was simulated with

a very high cleavage probability rate, on the same scale as the reactions of moving to the next

codon. Fig. 2.19C (column 3) shows two example statistics of the model, the autocovariance and

simulated ribosomal profile. The autocovariance from the fluorescence intensity exhibits a shorter

dwell time due to the random loss of probes past the cleavage site. The nascent chain cleavage re-

sults in a “halved dwell time” when compared to the same model with no cleavage if the dwell time

was calculated from the fluorescence correlation spectroscopy. The simulated ribosomal profiling

shows no detectable differences due to the cleavage only occurring in the nascent chain.

Ribosomal drafting model

Particle-particle interactions are one of the new, powerful features of the model maker; Here

we present a toy ribosomal drafting model where ribosomes speed up elongation to join a leader

ribosome. Mechanistically it represents a leader ribosome that flattens or straightens mRNA and

allows trailing ribosomes to translate faster, facilitating trailing ribosomes to “draft”off the leading

ribosome. This creates signature tightly-packed polysomes of translating ribosomes all moving in

sync with the leader ribosome.

The stepping rate propensity for ribosomal movement for the ith ribosome is replaced with the

following:

wnith ribosome = kci + f(xi+1 − xi) (2.7)

A default rate of kci is adjusted with a function of distance of the ith ribosome to the i + 1th

ribosome. For example, we could consider a value of ∆L codons to “lookahead” for each ribosome

for the drafting influence and the closer the distance to the leading ribosome the stronger this

influence is linearly. We can multiply this ratio with some scaling factor kscale
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f = kscale ·
(∆L− (xi+1 − xi))

∆L
(2.8)

A value of 100 codons for ∆L was used for Fig 2.19’s toy model. Fig. 2.19B (column 4)

shows an example kymograph of the drafting model. The overall speed of the leading ribosomes

is dictated by the stepping rate dictionary, but trailing ribosomes speed up and join the leading

ribosomes if possible, resulting in close knit polysomes. Fig. 2.19C (right column) shows the

drafting effect on autocovariance and ribosomal profiling vs no drafting. Simulated profiling shows

a slight lower occupancy in the front of the construct due to ribosomes speeding up to join leader

ribosomes as expected. Autocovariance shifts to the left representing a lower dwell time and a

slightly higher average elongation speed, as the only time the ribosomes are actually faster than

the default stepping rates is when they are speeding up to join the leader ribosome.

2.2.2 rSNAPsim provides multiple options to simulate experimental pertur-

bations.

We can describe FRAP by the following per ribosome reaction for each ith ribosome and jth

color for each tag color:

wnith ribosome, FRAP = kbleach ∗ (probej > 0) ∗ (t > tstart) ∗ (t < tstop) (2.9)

with a corresponding stoichiometry that removes one jth probe from the ith ribosome:

probej = probej − 1 (2.10)

The above reaction is in words is “If this ribosome has a positive probe value between two time

points, subtract a fluorescent probe.”Coupling that logic with a high reaction rate will bleach probes

quickly during that time range within the simulation. Fig. 2.20 left column shows an example

simulation with a custom FRAP signal to bleach the cell for 200 seconds starting at 1000 seconds.
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For simulating initiation inhibition, such as with harringtonine [83], a time based boolean can

be added to the initiation rate in the model builder. Fig. 2.20 middle column shows an example

simulation with a using the descending ramp inhibition starting at 1000 seconds.

wninitiation = kinitiation · (t > tinhibition) (2.11)

Different inhibitor signals could be used to fine tune inhibition or account for diffusion. For

example, here is a propensity that uses a linear ramp to control initiation inhibition. At time 1000,

the boolean multiplying the initiation rate takes 200 time units to transition from 1 to 0, allowing

partial inhibition for a short period of time.

Figure 2.20: Caption on next page.
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Figure 2.20: Example experimental perturbation simulations. Since rSNAPsim’s model maker allows

for arbitrary propensities and reactions, multiple experimental conditions can also be simulated. Before

the model maker, experiments would have to be added by hand to the rSNAPsim simulation code but now

we can account for almost any experimental perturbation. Fig. 2.20 (left column) depicts Fluorescence

Recovery After Photobleaching (FRAP). FRAP can be simulated by adding a time dependent reaction that

deletes all fluorescent probes tracked during some time range. Fig. 2.20 (middle column) depicts Run-off

assays are simulated by adding a time dependent boolean to the ribosomal initiation rate. In the example

ROA shown here, a time dependent ramp was used to simulate harringtonine diffusion starting at t = 1000.

Probe efficiency can also be provided as a function if desired, Fig. 2.20 (right column). In the example,

probe binding is calculated using a descending ramp function that decreases from 1 to 0 linearly over 2000

seconds.

wninitiation = kinitiation ·max(min(−.005 ∗ t+ 6, 1), 0) (2.12)

Photobleaching or probe inefficiencies can also be simulated by changing the probe binding

function to any function that ranges from 0 to 1. Fig. 2.20 right column shows an example simula-

tion with a using a descending linear ramp of probe binding efficiency, such that at 1000 seconds

there’s a 50% chance of a given probe binding.

2.2.3 Some example analyses the rSNAPsim can collect from simulation or

calculate from experimental data.

One key functionality is using the rSNAPsim to analyze model outputs or data inputs. rSNAP-

sim provides two modules to calculate various statistics from intensity trajectories, inta, or ri-

bosomal movement, riba. Fig. 2.21A shows some example intensity analyses, autocovariances

and distribution calculations for 100 simulations of the frameshifting model described above.

Fig. 2.21B showcases some of the ribosomal statistics that can be calculated from simulated tra-

jectories. Polysomal profiling, and ribosomal profiling can compared with experimental data, but

kymographs, collision counting, and individual ribosomal dwell times that are recorded during

simulations have no experimental equivalent as of yet and are only available from simulations.
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Figure 2.21: Example statistical analyses available in the rSNAPsim. A) Several intensity analyses

available within the rSNAPsim. Left panel, two color intensity trajectories for the frameshifting model.

Middle panel, distribution from 1000 intensity trajectories of the frameshifting model. Right panel, two

autocovariances from each color in the frameshifting model from 1000 intensity trajectories. B) Ribosomal

statistics available from the rSNAPsim. Left to right: Kymographs of ribosomal motion, example polysomal

profile from 1000 simulations, ribosomal profiling for 1000 simulations, detected ribosomal collisions of a

single simulation, and recorded dwell times per ribosome from 30 simulations.

2.2.4 rSNAPsim provides support for experiment design to improve model

differentiation and hypothesis evaluation.

The final thing we will mention and showcase here is rSNAPsim’s experiment design capabil-

ities. rSNAPsim allows users to explore experiment designs computationally to find experiments

that differentiate specific models at minimal laboratory material cost. Having access to a model
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Figure 2.22: Simulated experiment design capabilities. rSNAPsim can be used to explore potential ex-

periments for model discrimination with simulations. A) three proposed models to be explored: from left to

right, codon dependent translation, intermittent pausing caused by a secondary structure, and random ribo-

some drop-off. B) Four proposed experiments: Fluorescence correlation spectroscopy of NCT trajectories at

two different frame rates, Run-off assay with initiation inhibition of NCT trajectories, ribosomal profiling,

and polysome profiling. C) normalized distance metric ratios,
d(M1−M2)

2(d(M1−M1′)+d(M2−M2′) , for each experi-

ment and model pair elucidates the best experiment for differentiating each pair of models (highlighted in

blue).

maker and computational tools allows modeling to leave its traditional post-facto application and

be used prior to or in conjunction with preliminary experiments.
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Fig. 2.22 shows a toy experiment design example using rSNAPsim to select the most infor-

mative experiments. Three different models are proposed: A codon dependent TASEP with no

additional rates, a codon dependent TASEP with a transient secondary structure formation caus-

ing ribosomal pausing, and a codon dependent TASEP with a constant chance for ribosomes to

drop off mid translation. For the structure formation model, the secondary structure cannot form

if ribosomes are actively translating the 50 nucleotides of the structure. The experiment design

goal is to select the most informative experiments for differentiating each model-model pair. This

can be achieved by normalizing distance metrics comparing the model output distributions. Four

different experiment types are proposed: FCS, Run-off Assay (harringtonine), ribosome profil-

ing, and polysome profiling. Simulated FCS autocovariances were calculated using each model

at steady state and collecting 200 trajectories of each model for 1000 seconds. The NCT trajec-

tories were split into groups of 100 trajectories for calculating cross model log-likelihoods (Mi

vs Mj) and log-likelihoods for 100 trajectories vs the other trajectories from the same model (Mi

vs M ′

i ). Six log-likelihoods were calculated: Model1-Model2, Model1-Model3, Model2-Model3,

Model1-Model1’, Model2-Model2’, Model3-Model3’.

LLMi,Mj
=

1

Npts

20∑

τ=1

(GMi
(τ)−GMj

(τ))2√
SEMMi

√
SEMMj

(2.13)

LLMi,M
′

i
=

1

Npts

20∑

τ=1

(GMi
(τ)−GM′

i
(τ))2

√
SEMMi

√
SEMM′

i

(2.14)

The log-likelihoods were used to calculate a balanced ratio of how informative the cross model

log-likelihood was versus the self model log-likelihoods.

d(Mi,Mj)NCT =
LLMi,Mj

2(LLMi,M
′

i
+ LLMj,M

′

j
)

(2.15)

For the run-off assays, the 6 cross and self log-likelihoods are calculated using the difference

of normalized average intensities during the run-off period (til intensity reaches .05 on average)

using 100 trajectories.
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Table 2.2: Toy model parameters

k̄e kon koff kdropoff

Model 1 10 - -

Model 2 10 0.5 (non-excluded) 0.5

Model 3 10 - - .03

LLMi,Mj
=

1

Npts

35∑

t=0

(ĪMi
(t)− ĪMj

(t))2√
STDMi

√
STDMj

(2.16)

LLMi,M
′

i
=

1

Npts

35∑

t=0

(ĪMi
(t)− ĪM′

i
(t))2

√
STDMi

√
STDM′

i

(2.17)

Just like the FCS distance metric ratio, the distance metric ratio for run-off assays is calculated

as follows:

d(Mi,Mj)ROA =
LLMi,Mj

2(LLMi,M
′

i
+ LLMj,M

′

j
)

(2.18)

For the ribosomal profile and polysome profile, distance metric ratios are calculated using KS-

distances of the profile CDFs calculated from 2500 steady state simulations.

d(Mi,Mj)polysome/profile =
KSMi,Mj

2(KSMi,M
′

i
+KSMj,M

′

j
)

(2.19)

Fig. 2.22B shows representation data collected from each simulated experiment for each model.

Fig. 2.22C depicts all normalized distance metric ratios for each experiment and model pair shaded

by the ratio. With this quick, preliminary setup, we can inform an experimentalist of their next

experiment for each model pair: To differentiate model 1 and model 2, a fluorescence correlation

spectroscopy dataset should be collected from NCT, for telling model 2 and model 3 apart, a runoff

assay gives the greatest distance between distributions, and for differentiating model 1 and model

3, a RiboSEQ experiment should be performed. More complicated experiment designs can be

performed using rSNAPsim in conjunction with its sister package rSNAPed can simulate full NCT

videos for model differentiation or dynamic exploration and classification.
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The current version of rSNAPsim module is available, open source, at PyPI or our Github,

https://github.com/MunskyGroup/rSNAPsim. The final part of my work here at CSU

will be finalizing a descriptive paper and an updated version of the rSNAPsim expected to be

released in summer 2024. The rSNAPsim formed the basis of the simulation pipeline for the paper

presented in the next Chapter.
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2.3 Using mechanistic models and machine learning to design single-color

multiplexed nascent chain tracking experiments3

This paper was my primary project during my time at Colorado State University. The inception

of this project came after the Aguilera 2019 paper. Now that we had a validated mechanistic model

for the NCT data coming out of the Stasevich lab, we were intensely curious if we could use the

model to elucidate dynamic differences across two mRNAs at the same time in the same cell.

Our previous data was one mRNA per cell, we were curious if our model was still valid when both

mRNAs were in the same environment – or if they had different codon usages. To tag both mRNAs

in one color proved to be a very complex problem as to keep the mRNAs as similar as possible,

both would need the same tag regions making them indistinguishable in the microscope. To fix

this we came up with the classification from simulated NCT experiments in the following paper,

providing a very nice computational simulation of any NCT experiment for our lab.

2.3.1 Summary

mRNA translation is the ubiquitous cellular process of reading messenger-RNA strands into

functional proteins. Over the past decade, large strides in microscopy techniques have allowed

observation of mRNA translation at a single-molecule resolution for self-consistent time-series

measurements in live cells. Dubbed Nascent chain tracking (NCT), these methods have explored

many temporal dynamics in mRNA translation not captured by other experimental methods such as

ribosomal profiling, smFISH, pSILAC, BONCAT, or FUNCAT-PLA. However, NCT is currently

restricted to the observation of one or two mRNA species at a time due to limits in the number

of resolvable fluorescent tags. In this work, we propose a hybrid computational pipeline, where

detailed mechanistic simulations produce realistic NCT videos, and machine learning is used to

assess potential experimental designs for their ability to resolve multiple mRNA species using a

single fluorescent color for all species. Through simulation, we show that with careful applica-

3William S. Raymond, Sadaf Ghaffari, Luis U. Aguilera, Eric Ron, Tatsuya Morisaki, Zachary R. Fox, Michael May,

Timothy J. Stasevich, Brian Munsky DOI: https://doi.org/10.3389/fcell.2023.1151318
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tion, this hybrid design strategy could in principle be used to extend the number of mRNA species

that could be watched simultaneously within the same cell. We present a simulated example NCT

experiment with seven different mRNA species within the same simulated cell and use our ML

labeling to identify these spots with 90% accuracy using only two distinct fluorescent tags. The

proposed extension to the NCT color palette should allow experimentalists to access a plethora of

new experimental design possibilities, especially for cell signalling applications requiring simulta-

neous study of multiple mRNAs.

2.3.2 Introduction

mRNA translation is the process of reading messenger RNA strands to create functional pro-

teins and is a crucial underpinning of known cellular life. With such a vital role, mRNA translation

has been the subject of intense study over the past decades [84, 85, 86, 87]. Despite the focus,

the effects that cellular signals have on the translation of individual mRNA molecules remains

elusive due to two key factors: the staggering amount of dynamics, mechanisms, and modifica-

tions affecting the in vivo mRNA transcriptome heterogeneity and the limitations of experimental

techniques that can accurately and informatively probe these dynamics molecule-by-molecule and

in a time-resolved manner. Previous methods used to probe mRNA translation dynamics such as

ribosomal footprinting [7, 8], RNA-seq [9, 10, 11], proteomics/protein abundances [12, 13], and

smFISH [22, 88] provide snapshot bulk data in high quantity, at the detriment of obscuring the tem-

poral dynamics of individual mRNA molecules. Pulsed SILAC, PUNch-P, BONCAT/QuaNCAT

allowed mass spectrometry quantification of recently translated protein abundances via treatment

with noncanonical amino acids [14, 15]. Methods such as FUNCAT/SUnSET bridged the gap

of detecting active mRNA translation as well as subcellular location by labeling nascent peptide

chains and imaging in fixed cells [16, 17]. FUNCAT-PLA and Puro-PLA then provided spatial

resolution and imaging of the recent protein production via detection with a proximity ligation as-

say (PLA) [89]. Despite their innovations, these techniques require fixation or lysis of the cells of
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Figure 2.23: Nascent chain tracking multiplexing project graphical description.
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interests. As a consequence, none of these methods are able to capture long-term temporal imaging

of translation at a single-molecule level of the same mRNA molecules [90].

Since 2016, Nascent Chain Tracking (NCT) has provided experimentalists with a technique to

study single, actively translating mRNA transcripts and quantify their dynamics with the use of a

dual fluorescent labeling system [21, 22, 23, 24, 25, 26]. The key to this technique is multiple epi-

tope sequences that are placed on a tag within the coding region of the studied mRNA; After this

tag region is translated, fluorophore-conjugated intrabodies bind to the growing nascent polypep-

tide chain resulting in an amplified fluorescent spot. After translation is completed, fluorescently-

tagged single proteins are free to diffuse away. The mRNA molecule is tagged in the 3’ un-

translated region with a hairpin loop repeat system recognized by fluorophore-conjugated MS2

or PP7 coat proteins, conferring a constant intensity in a separate color channel for tracking pur-

poses. The combination of these two elements gives a co-localized, diffraction-limited, two-color

spot trajectory denoting an mRNA location and a live nascent chain activity readout. NCT has

been utilized to investigate many processes of interest such as mRNA frameshifting [28], mRNA

IRES-mediated translation [35], mRNA decay [33, 34], translation suppression during cellular

stress [32], and mRNA spot to spot heterogeneity [29]. NCT has also proven beneficial to ex-

tract important biophysical parameters, including elongation rates, initiation rates and ribosomal

densities [23, 24, 25, 26], and microRNA mediated decay [91, 38].

Notwithstanding NCT’s current adoption and importance, application of NCT to understand

how different cellular signals affect translation of different mRNA is currently prevented by strong

limits on the fluorophore color palette. Currently, only three or four resolvable colors exist in

most microscope settings; one color is dedicated to tracking the mRNA, leaving only two or three

resolvable colors to design experimental setups and constructs. Use of too many fluorescent probes

with similar emission spectra leads to imaging issues such as light bleed through into each channel.

Additional laser wavelengths also limits the frame rates that one can utilize due to the time required

to switch laser or filters between each frame. While this has not proven detrimental to previous

NCT experiments that have explored one [23, 25, 24] or two [28, 29, 35] translation products at
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a time, there is an anticipation that this limitation will become a roadblock for designing future,

more elaborate experiments, particularly for processes involving differential control of multiple

mRNAs under cellular stimuli. Specifically, we speculate that the current form of NCT technology

has already reached its peak in experiments where two different genes are correctly detected and

differentiated on the same cell [28, 35, 29].

Recently, machine learning has enjoyed an explosion of applications in biological and biomed-

ical imaging contexts [92, 93]. Convolutional neural networks have achieved the state-of-the-art

performance on a wide variety of classification tasks such as speech recognition [94], computer

vision [95], natural language processing [96], and in myriad biomedical contexts [97, 98]. For

the purpose of our work, we utilize 1D convolutional neural networks to classify signals from

two mRNA species recaptured from a realistic noise model and realistic mRNA translation model.

One dimensional convolutional neural networks (CNNs) are well equipped to handle 1D signals

for classification and see frequent use for applications across the biomedical field such as ECG [99]

and EEG signals [100].

Applying machine learning to NCT experiments cannot be done outright as of time of writ-

ing due to a lack of large and standardized data sets, and it is not clear exactly how much data,

and under which conditions, would be needed to build successful classifiers. To more efficiently

explore these questions, we generate large sets of realistic NCT experiment simulations using a

new pipeline, as detailed below. In brief, translation of nascent proteins and their corresponding

Fluorescent intensity signals are modeled with a codon-dependent Totally Asymmetric Simple Ex-

clusion Process (TASEP) to consider elongation rate changes due to codon selection along each

mRNA transcript, as well as ribosomal collisions. In this paper, we use our previously described

mRNA translation mechanistic model —a full comprehensive explanation of this model and its

parametrization can be found in [50]. Fluorescent intensity signals from the mechanistic model are

then combined with our realistic video rSNAPed pipeline, which applies a point spread function

and adds a simulated cell background with microscope noise calibrated from real videos. mRNA

molecules freely diffuse with a set diffusion rate within the simulated cell mask to simulate Brow-
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nian motion. The resulting intensity from the simulated videos are then processed as if they were

real images to generate “simulated nascent chain tracking” data. Through this means, we construct

a controllable “experiment” whose measurement is a corrupted fluorescent signal, where we can

easily control various factors such as signal-to-noise ratio (SNR), spot size, diffusion rates and

mechanisms, mRNA initiation and elongation rates, and imaging conditions (frame rate / frame

interval and number of frames taken).

In this paper, we use these simulations to demonstrate that high classification accuracy is

achievable in principle using a machine learning approach across a large range of biophysical

and experimental parameters, even if two mRNAs are utilizing identical tagging approaches and

fluorescent colors. To extend NCT color palette, our computational pipeline of mRNA translation

modeling, spot simulation, spot tracking, and machine learning uses as features various statistics

of the spot’s intensity fluctuations, such as their moments, relative intensity ratios, and decorrela-

tion times to discriminate between different mRNA species. This type of “temporal multiplexing”

could radically expand the number of mRNAs imaged in a cell. Different color fluorophores could

be held in reserve for mRNAs whose characteristics are too similar to each other, or eschewed al-

together to increase microscope imaging speed and decrease experiment cost. The entire pipeline

can be used to explore potential NCT experimental designs without using valuable lab time and

resources. We envision that the proposed model-based strategies to tag multiple mRNAs using

single color tags will add new possibilities for future experimental NCT investigations.

2.3.3 Results and Discussion

To begin our exploration of the potential to use NCT signal intensity fluctuations to differentiate

mRNA species, we choose baseline experiment using P300 (7257 NT) and KDM5B (4647 NT)

mRNA, each with a 10xFLAG epitope tag. Both constructs are assumed to have equal initiation

and elongation rates of ki =0.06 1/s and ke =5.33 aa/s, and both are assumed to be images for 64

frames with a rate of one frame every five seconds.
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For typical mRNA and experiment designs, large training data sets may be needed to build

an accurate classifier

To see how much training data are needed to build an accurate classifier, we use the baseline

mRNA designs and experimental conditions (with 64 frames), and we trained our architecture with

progressively increasing training data sizes. Fig. 2.34B shows the resulting accuracy on a withheld

validation set of 1000 NCT spots, when the model is trained on independent training sets of the

different sizes. The accuracy of the classifier levels off at about 87% when the training data set

reaches 800-1000 NCT spots. Unfortunately, such a large amount of data is approaching unfeasi-

ble in current NCT laboratory settings, highlighting the need for using mechanistic simulation to

supplement data when training a classifier. It is important to note that this result is for the experi-

mental base conditions listed in Table 2.3; as we will discuss below, other parameter combinations

can increase or decrease classification difficulty and result in variations for the amount of training

information required.

Table 2.3: Selected base experimental conditions, statistics are calculated before microscope noise addition

via rSNAPed.

Gene 1 - KDM5B Gene 2 - P300 Imaging conditions

Parameters L: 4647 NT L: 7257 NT 64 frames

Ltag: 1011 NT Ltag: 1011 NT 5s frame interval

ke: 5.333 aa/s ke: 5.333 aa/s KDM5B SNR: 6.2

ki: 0.06 1/s ki: 0.06 1/s P300 SNR: 8.9

Statistics µI: 19.3 UMP µI: 28.2 UMP

Σ2
I : 18.7 UMP Σ2

I : 28.5 UMP

tdwell: 354 s tdwell: 517 s
* NT = nucleotides, * aa = amino acids

Realistic simulations of nascent chain tracking for KDM5b and P300 mRNA reveal that two

mRNA can be distinguished using only their fluorescence intensity fluctuations.

As a proof of concept and to further explain the process of labeling spots by their behaviors

rather than by their colors, Fig. 2.24 presents a example of our machine learning pipeline. Two

simulated cells (Fig. 2.24A, top) are generated using the baseline conditions but with double the
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amount frames (128 instead of 64, but with the same 5s interval between frames) to better highlight

the ribosomal dwell-time difference between the two mRNAs. The two cells can be processed with

a disk and doughnut approach (see Methods) to extract fluorescence intensity trajectories for each

of the 100 spots (Fig. 2.24A, bottom).

In practice, biophysical parameters could be estimated from these NCT measurements of flu-

orescence intensity trajectories (i.e., from the intensity distributions and autocorrelations) as done

previously in [50] and illustrated in Fig. 2.24A. For simplicity of description, we assume that these

parameters are known, although we will relax this assumption later in the investigation. Using

these assumed parameters, we use our computational pipeline to simulate a training data set of

5000 NCT spots from simulated NCT experiments, and we use this simulated data to train a clas-

sifier (Fig. 2.24C). With this classifier, the user can then finally label their original data artificially

or use the trained classifier to label any newly collected data (Fig. 2.24D).

Simulations can reveal which aspects of experimental data are most informative for multi-

plexed mRNA classification

For two different NCT spots within the same cell and under the same experimental conditions,

our dual input architecture (Fig. 2.34A and Methods) utilizes both relative intensity differences and

signal frequency content to classify spots. Using both features allows for improved classification

robustness across parameter space. There are experimental conditions and biophysical parameters

where intensity information is more useful, conditions where frequency is more informative, and

conditions where a mixture of both information sources is utilized by our architecture. To highlight

this, we simulated three separate data sets: one with markedly different intensity distributions,

one with mostly overlapping distributions, and one with nearly identical intensity distributions,

Table 2.4. For each of of these conditions (which have different translation initiation rates), both

P300 and KDM5b use the same average elongation rate, but because the genes have different

lengths and different codon usages, they exhibit different ribosomal dwell time.

We applied our architecture to each of these data sets across a large swath of imaging conditions

(i.e., different numbers of frames and frame intervals) to show our architecture’s ability to self
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select which features to use for classification as well as highlight which imaging conditions are

ideal for these experiments conditions. Fig. 2.25A (left) shows that the first condition (different

Figure 2.24: Caption on next page.
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Figure 2.24: Example of labeling identically-tagged mRNAs in a simulated NCT experiment Example

for labeling identically-tagged mRNAs in a simulated NCT experiment [A, top] Two simulated cells with

25 KDM5B and 25 P300 spots translating at identical biophysical parameters [A, bottom] Spot 11 in Cell

1 is highlighted in the intensity trace, showing the red background, green background, and extracted spot

intensity via the disk and doughnut method B) Model parameters (ki and ke) are inferred by fitting auto-

correlation functions and intensity distributions C) A classifier is trained with a large cohort of simulated

data generated with the inferred parameters D) This classifier can then be used to label the original data or

any subsequent data taken

Table 2.4: Long imaging time simulated data sets

Comparison Analysis Variable Range Constants

Imaging Dataset - Identical Iµ

Iµ,both ∼ 4.7 UMP

ki,KDM5B: 0.014139 s−1

ki,P300: 0.009676 s−1

* Gene 1: P300 (7257 NT)

* Gene 2: KDM5B (4647 NT)

* Frame interval: 1 every 1 sec

* Frames: 24000

* ke: 5.33 aa · s−1

* D: 0.21 pixels2/s
* SNR: 3

Imaging Dataset - Similar Iµ

Iµ,KDM5B ∼ 6.0 UMP

Iµ,P300 ∼ 4.7 UMP

ki,KDM5B: 0.01860 s−1

ki,P300: 0.009676 s−1

* Gene 1: P300 (7257 NT)

* Gene 2: KDM5B (4647 NT)

* Frame interval: 1 every 1 sec

* Frames: 24000

* ke: 5.33 aa · s−1

* D: 0.21 pixels2/s
* SNR: KDM5B (3.9) & P300 (3)

Imaging Dataset - Different Iµ

Iµ,KDM5B ∼ 13.7 UMP

Iµ,P300 ∼ 4.7 UMP

ki,KDM5B: 0.04242 s−1

ki,P300: 0.009676 s−1

* Gene 1: P300 (7257 NT)

* Gene 2: KDM5B (4647 NT)

* Frame interval: 1 every 1 sec

* Frames: 12000

* ke: 5.33 aa · s−1

* D: 0.21 pixels2/s
* SNR: KDM5B (8.9) & P300 (3)

dwell times and different intensity distributions) is trivial to classify —Simply looking at which

spots are brightest and which are dimmest is sufficient to reach than 90% accuracy in just a few

frames. Fig. 2.25A left) also shows that for mRNAs with such different intensity distributions,

fluctuation frequencies are less informative, and the optimal frame interval should have as long a

delay as possible so that each measurement is as statistically independent as possible.
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Conversely, identical intensity conditions can be obtained by tuning the initiation rates such

that each mRNA has the same ribosomal occupation average over time, and thus almost identical

intensities (there is a slight difference due to codon dependence and ribosomal occupation proba-

bilities per codon leading to varied occupation downstream of the tag region across each mRNA’s

length). In this condition, our classifier can only learn on the autocorrelation function and fre-

quency information. Expected ribosome dwell times for P300 and KDM5B under these conditions

are approximately 517 seconds and 353 seconds, respectively —a statistic that is available to the

classifier through the autocorrelation of its intensity fluctuation. Fig. 2.25A (right) shows the test

set classification accuracy as a function of video frame intervals and total number of frames. This

plot highlights a clear region of image settings that would be sufficient to capture enough frequency

information for classification, ≈20-30 seconds between frames for over 150 total frames. To be

effective, the frequency-based classifier needs enough frames at the right intervals to sample the

auto-correlation of ribosomal movements. If the total video time is too short, too few ribosomes

will complete translation, and the NCT intensity signal would remain almost fully correlated with

itself. As a result, one would have insufficient number of independent data points with which to

calculate an effective autocorrelation. Conversely, if one observes the process too slowly (i.e., ap-

proaching or exceeding ribosomal dwell times), each frame would sample an independent set of

ribosomes from the previous frame and any observed correlations would arise only from artifacts

of imaging noise.

Fig. 2.25A (middle) shows an experimental condition where intensity distributions are similar

enough such that both frequency and intensity information provide useful information for classifi-

cation. The ideal imaging still uses an intermediate frame interval needed to capture the frequency

differences, but classification is bolstered by the intensity information across the whole parameter

space, with 10 frames at any frame interval being sufficient to provide 60% accuracy.

To further probe how intensity distributions and frequency information each contribute to ML

classification, Fig. 2.25B shows each half of the architecture applied separately to 100 frames at

varying frame intervals and varying amounts of frames at a 30 second frame interval (Highlighted
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row and column of Fig. 2.25A, middle panel). Both individual halves Intensity distribution, (I),

and Frequency, (F), have roughly a similar accuracy until frame interval grows too large to obtain

Figure 2.25: Caption on next page.
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Figure 2.25: Classification accuracy versus imaging conditions and differences in mRNA intensity

means. A) Accuracy versus frame interval and number of frames (Left) For constructs with substantially

different intensities, the classifier requires only a few frames for a high classification accuracy (Middle)

Overlapping, but non-identical, intensity conditions leverage both frequency and intensity information for

classification (Right) Identical intensity conditions can only classify using frequency information, which

requires an ideal frame interval B) Accuracy of ML using Intensity only (I), Frequency only (F), and both

(IF) versus frame interval (top) or number of frames (bottom). Plots for (IF) correspond to the vertical and

horizontal regions highlighted in Panel A, middle.

a good sampling of the autocorrelation function (60s). When both features are available, (IF),

the classifier has a marked improvement in accuracy compared to the individual halves. It is

important to note that we selected these specific experimental conditions such that there is partial

information in both the autocorrelation and the intensity moments. If the experiment is designed

such that either frequency or intensity is more informative, the proposed ML architecture adapts

to rely more on that type of information and including the other will have marginal or no effect

on validation accuracy (e.g., Fig. 2.25A left or right panel). Full classification heat-maps using

architecture subsections are shown in Figure 2.26.

Although classification requires collection of a sufficient video length and at high enough tem-

poral resolution, other experimental considerations are missing in this first analysis but must be

taken into account to constrain imaging conditions in a real laboratory setting. Taking too many

frames or a too short a frame interval may increase photobleaching effects that will require re-

calibration or computational correction or may necessitate the use of a lower laser power, which

will reduce signal strength. Conversely, choosing too low a frame interval (i.e., longer delays be-

tween images) could lead to spot tracking issues if particles diffuse too fast in comparison to the

frame rate or if there is too high a density of overlapping particles. This trade-off between too fast

and too slow a frame interval can be partially ameliorated by tracking only on the RNA tag channel

with a higher frame interval and imaging in the protein channel with a slower rate, but this solution

requires more complex steps for image collection and processing.
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Simulated data is ideal for testing different experimental and biological conditions to probe

the possibilities and limitations of NCT multiplexing

Now that we have a computational pipeline to generate simulated data and a flexible classifier

to train using both intensity and frequency information, we can explore multiple parameter spaces

to guide experimental design toward conditions that are more conducive for accurate classification.

Additionally, by generating data over a large parameter swath, we can examine multiple experiment

Figure 2.26: Caption on next page.
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Figure 2.26: Classification accuracy for both architecture halves and the full architecture. A) Accuracy

versus (Top) Accuracy of separate architecture halves (I,F) and joint architecture (IF) across a large range

of frame rates and number of frames. Heat maps show each architecture half or the joint architecture

applied on an NCT data set with different frequency content (decorrelation times τ = 354s vs τ = 517s and

similar intensity means (4.7 UMP vs 6 UMP). (Bottom) Using both architecture halves increases average

test accuracy across all conditions vs the individual feature architectures. All test accuracies from the heat

maps above are plotted vs their video length (NF * Time between frames) for the full architecture (IF) and

each half architecture (I, F). A trend-line was generated with a moving average of 100 seconds.

Table 2.5: Dynamics affected by selected variables to investigate with the NCT ML pipeline

Variable Dynamic impacted when increased Controllable

Frame interval (FI) ↑ information / resolution

Number of Frames (nF) ↑ information / resolution
Experimentally

controllable

mRNA Length (LmRNA)
↑ ribosomal dwell time

↑ fluorescent intensity

Semi-controllable

(Gene/tag selection)

Initiation Rate (ki) ↑ fluorescent intensity
Semi-controllable

(UTR selection)

Elongation Rate (ke)
↓ ribosomal dwell time

↓ fluorescent intensity

Semi-controllable

(Codon selection)

setups that are unresolvable to obtain insight for what mitigation strategies an experimentalist could

take to improve classification results.

In this study, we limit the scope of exploration to five key variables (Table 2.5): mRNA length

(LmRNA), frame interval ( time in seconds between frames, FI), number of frames used (nF), ribo-

somal initiation rate (ki) and ribosomal elongation rate (ke). We choose these specific parameters

because they are the most experimentally relevant as they influence how long of a video to take and

what types of mRNA constructs to design. Additionally, these five parameters directly influence

one or both of the two statistics we are using as learning features, specifically the decorrelation

times and intensity levels. The selected parameters to explore and a list of dynamics affected by

each of these parameters are provided in Table 2.5. For example, an increase in mRNA length has

a corresponding increase in ribosomal dwell time and therefore fluorescent intensity of a mRNA

spot.

Although, for the sake of brevity, we focus on the five parameters presented in Table 2.5,

we note that our proposed simulation and classification pipeline is general and can be used to
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explore many other mechanisms of the translation or the imaging system. Other parameters of

potential interest may improve or worsen classification accuracy. These include effects such as

non-equilibrium dynamics (all mRNA simulations in this paper are at steady state), differing diffu-

sion dynamics (spatial considerations from cell morphology or dependence on mRNA translation

state). To focus our analysis on our current parameters of interest, all data in the main text are

generated without photobleaching effects and are analyzed using the specific coordinates of the

simulated spots within the rSNAPed module; i.e., we are not relying on a spot detection and track-

ing algorithm.

A preliminary exploration of photobleaching and imperfect tracking is presented in the Supple-

mental Material Section 1.1. We find that classification accuracy for perfectly tracked KDM5B and

P300 mRNA spots remains high even with substantial levels of photobleaching (see Fig. 2.6D), at

least provided that all NCT probes bleach at the same rate. In this case, the relative differences

in fluorescence intensities and fluctuations (at higher frequency than the bleaching rate) can still

be used for classification. However, we note that the number of correctly classified spots per

cell depends heavily on the accuracy and completeness of tracking. Using the trackpy tracking

pipeline [101], we can only track approximately 40% of spots for long contiguous time courses

(Fig. 2.6C), although classification accuracy for those spots is only slightly below that for perfect

tracking (Fig. 2.6D). We note, however, that this preliminary analysis assumes a simple exponen-

tial decay model for photobleaching and only explores one option for particle tracking; a complete

analysis would require in-depth examination of different photobleaching models [102, 103] and

should explore additional approaches for track linking [104]. In the current analyses, all mRNA

translation models are run until they reach steady state (burn in time: 1000 seconds) before they

are used to generate NCT spots, but rSNAPed allows for simulation of non-stationary conditions or

experiment perturbations (e.g., Harringtonine treatment to interrupt translation, or fluorescence re-

covery after photo-bleaching (FRAP) to examine ribosome replacement as studied in [24, 60, 26].

Finally, in the current analyses, all spot motion is simulated using normal Brownian motion with

a constant diffusion rate of 0.925 µm2/s (0.55 pixel2/s) but settings for rSNAPed can easily be
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changed to allow for anomalous or temporal or mRNA state-dependent diffusion rates. In addi-

tion, beyond using just intensity and frequency, one could potentially improve classification using

additional features for machine learning such as x, y, and z spatial positions or spot velocities.

Fig. 2.27(top) summarizes the set up for four parameter sweeps designed to explore the effects

of selected parameters on ML classification: (CT1) compares pairs of mRNA with many differ-

ent lengths, (CT2) compares two mRNA with many different combinations of shared elongation

and initiation rates, (CT3) compares two mRNA each with different elongation rates, and (CT4)

compares two mRNA each with different initiation rates. For each comparison, mRNA translation

simulations use parameters selected from a survey of literature reporting experimentally measured

rates [23, 60, 24, 26, 25], and all parameters are shown in Table 2.6. For CT1, the mRNA length

range selected (1200 - 7257 nt) covers 53% of the lengths in the human consensus coding se-

quences (current CCDS nucleotide release - 11.28.2021 [105]). A baseline NCT experiment was

selected as 10xFLAG-p300 vs 10xFLAG-KDM5B with an initiation rate and elongation rate of

0.06 1/s and 5.33 aa/s at imaging conditions of 64 frames with a 5s frame interval. When param-

eters are held constant in the comparison analysis they are held to these values. The results of the

various comparison tests are shown in Figures 2.27A-D and 2.28A-D, to be discussed individually

below, and all full data sets are available upon request. Data sets can also be resimulated from

the provided Github repository https://github.com/MunskyGroup/Multiplexing_

project, DOI: https://zenodo.org/record/7884701.

mRNAs with sufficiently different lengths can be differentiated using their fluctuation inten-

sity signals

To explore the effect of mRNA length differences on classification, we applied our architecture

to NCT experiments where the only difference between mRNAs is their length (Figures 2.27A

and 2.28A). In addition to the previous P300 and KDM5B constructs, ten new genes with approx-

imately evenly spaced nucleotide length coding regions were selected from the human consensus

coding sequence database, Table 2.6 row 1. A standard 1011 nucleotide 10x-FLAG tag was added

to the N-terminus end of each before simulating the NCT experiments. We assume a common set
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of global cell translation parameters, that is, every mRNA has a common ribosomal initiation and

elongation rate since all mRNA would be in the same cell and they have been designed to have

Figure 2.27: Caption on next page.
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Figure 2.27: Comparison of ML test accuracy under variations in biophysical parameters. TOP: leg-

end of which experimental parameters are changed for each panel A) Effect of construct length on classifica-

tion test accuracy when trained on 4000 NCT spots and tested on 1,000 withheld spots. Imaging conditions,

initiation, and elongation are held constant while mRNA lengths are swept from 1200 NT to 7257 NT using

different mRNAs. All classifiers are trained on 4000 NCT spots and tested on 1000 NCT spots to get the

test accuracy B) Classification accuracy for P300 and KDM5B versus shared initiation and elongation rates

C) Classification of P300 and KDM5B with shared initiation rate (0.06 1/s) but with different varying elon-

gation rates. D) Classification of P300 and KDM5B with shared elongation rates (5.33 aa/s) and varying

initiation rates. The green star in each panel denotes the default P300/KDM5B experiment with 5 s frame

interval, 64 frames, initiation rate of 0.06 1/s, and elongation rate of 5.33 aa/s.

identical UTRs. Specifically, for this parameter sweep, we assume that ke = 5.33 aa/s and ki =

0.06 ribosomes/s and that video is recorded for a moderate length of 64 frames at a rate of one

frame every five seconds. For each NCT simulation, the longer of the two mRNA species will

Figure 2.28: Caption on next page.
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Figure 2.28: Increasing video length to resolve difficult to classify mRNA combinations. A) Classi-

fication accuracy versus mRNA length fold difference, assuming identical tag designs and parameters and

videos with 64, 128, or 1,500 frames B) Classification accuracy for P300 and KDM5B with identical tags

and parameters vs. average P300 intensity (proxy for signal-to-noise ratio). As SNR, video length, and reso-

lution increase, there is a corresponding increase in classification accuracy C) Classification accuracy versus

ratio of P300 and KDM5B elongation rates. As parameters approach the dotted line at ke,P300/ke,KDM5B

=1.46, the frequency and intensity information is identical between the two mRNAs, and increasing video

length provides only marginal improvements D) Classification accuracy versus ratio of P300 and KDM5B

initiation rates. As parameters approach the dotted line at ki,P300/ki,KDM5B =0.648, the two mRNA attain

similar intensity means, but classification can be achieved through frequency content and is improved sub-

stantially by collecting longer videos.

retain ribosomes for longer periods of time and will therefore exhibit slower decorrelation times

and higher average intensities.

For convenience, the difference between mRNA lengths can be quantified by the fold change:

∆Lfold =
max(LmRNA,1, LmRNA,2)

min(LmRNA,1, LmRNA,2)
. (2.1)

As one should expect, Figures 2.27A and 2.28A show that as ∆Lfold becomes larger, the classi-

fication becomes easier for our machine learning architecture. For our simulated conditions and

video length, we find that a 1.4-fold difference is sufficient to achieve greater than 80% classifica-

tion accuracy of any two mRNA combinations of the 12 we selected. However, Fig. 2.28A shows

that one can lower the required length fold change by increasing the number of frames given. For

example, if one extends imaging to 128 frames at 5s resolution (double the frames of the original

condition), then one could achieve an 80% classification for a smaller ∆Lfold=1.1. However, there

is a diminishing benefit to adding extra video length; extending imaging to 1500 frames at 2s reso-

lution (a barely achievable amount of data to collect with current NCT capabilities) provides only

a marginal further improvement (compare teal and brown lines). This diminishing return empha-

sizes the need for careful consideration when designing NCT experiments with multiple mRNAs

with identical tags, either to avoid designs that would require an unobtainable amount of sampling

or to reduce sampling for designs that can be differentiated with fewer imaging resources.
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Table 2.6: Comparison analyses parameters

Comparison Analysis Variable Range Constants

mRNA Length vs

mRNA Length

mRNA length (without tag):

1200 NT - 7257 NT

RRAGC - 1200

ORC2 - 1734

LONRF2 - 2265

EDEM3 - 2799

TRIM33 - 3333

MAP3K6 - 3867

COL3A1 - 4401

KDM5B - 4657

KDM6B - 4932

PHIP - 5466

DOCK8 - 6000

P300 - 7257

* Frame interval: 5s

* Frames: 64

* ki: 0.06 s−1

* ke: 5.33 aa · s−1

D: 0.21 pixels2/s
SNR: 3.7 (RRAGC) - 17.6 (P300)

ke (both mRNAs) vs

ki (both mRNAs)

ki: 0.01 - 0.1 s−1

ke: 2 - 12 aa · s−1

* Gene 1: P300 (7257 NT)

* Gene 2: KDM5B (4647 NT)

* Frame interval: 5s

* Frames: 64

D: 0.21 pixels2/s
SNR 1- 36

ke mRNA1 vs

ke mRNA2
ke: 2 - 12 aa · s−1

* Gene 1: P300 (7257 NT)

* Gene 2: KDM5B (4647 NT)

* Frame interval: 5s

* Frames: 64

* ki: 0.06 s−1

D: 0.21 pixels2/s
SNR KDM5B: 2.6 - 14.2

SNR P300: 3.9 - 23

ki mRNA1 vs

ki mRNA2
kinitation: 0.01 - 0.1 s−1

* Gene 1: P300 (7257 NT)

* Gene 2: KDM5B (4647 NT)

* Frame interval: 5s

* Frames: 64

* ke: 5.33 aa · s−1

D: 0.21 pixels2/s
SNR KDM5B: 1.3 - 9.3

SNR P300: 1.7 - 13.3
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mRNA with different lengths can be distinguished for a range of different combinations of

their biophysical parameters.

In the next comparison, we sought to understand how classification accuracy depends upon the

biophysical parameters that govern translation dynamics. Specifically, Figures 2.27B and 2.28B

explore how the accuracy to classify P300 and KDM5B constructs would depend on their shared

rates of translation initiation and elongation (ki and ke, respectively). Because the two constructs

have fixed lengths in this comparison, every combination of (ki, ke) yields the same ratio of in-

tensity mean and decorrelation time. Therefore, classification should be possible across the entire

parameter range, provided that one obtains a sufficient level of video sampling. Fig. 2.28B and

Supplemental Figure S4 (second row) show that indeed, once there is enough video resolution, all

(ke, ki) pairs can be classified with higher than 90% accuracy. However, when constrained to a

fixed number of frames and frame interval (e.g., 64 frames with 5s frame interval as considered

in Fig. 2.27B), some combinations of parameters yield signals that are brighter and are therefore

easier to classify using intensity statistics. Specifically, when the initiation rate is high and the

elongation rate is low, more ribosomes enter per second and remain longer on the mRNA. Con-

versely, “sparse” loading conditions prove harder to classify due to low ribosomal occupancy and

rare ribosomal entry and thus, a lower signal to noise ratio.

In natural constructs, different 3’ and 5’ UTR sequences will affect the availability of initiation

factors and regulatory elements such as uORFs, and as such one should expect that translation

initiation rates will vary from one mRNA species to the next [106, 107, 108, 109]. To explore how

differences in initiation rate would affect classification accuracy, Figures 2.27C and 2.28C compare

the classification accuracy as a function of both mRNAs’ unique initiation rates. In this case, it is

possible for both mRNA to have very different or nearly identical intensity means depending on

how close the ratio of the initiation rates compares to the inverse ratio of their lengths. For our

particular case of KDM5B and P300 mRNA, if we neglect ribosomal collisions, the ratio of mean

intensities can be estimated as in [50]:
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IP300
IKDM5B

=

(
1− Ltag

2LP300

)
· τP300 · ki,P300

(
1− Ltag

2LKDM5B

)
· τKDM5B · ki,KDM5B

(2.2)

By setting this intensity ratio to unity, we can rearrange to find the corresponding ratio of initiation

rates as

ki,P300
ki,KDM5B

=

(
1− Ltag

2LKDM5B

)
· τKDM5B

(
1− Ltag

2LP300

)
· τP300

=

(
1− 1011nt

2·5658nt

)
· 353s(

1− 1011nt
2·8268NT

)
· 517s = 0.662, (2.3)

where we calculated the expected elongation times for the two mRNA (τKDM5B and τP300) under

an assumption of sparse loading for the ribosomes (i.e., no collisions). Figures 2.27C and 2.28C

show that when the two mRNAs’ initiation rates approach this critical ratio, the accuracy decreases

substantially. However, although these mRNAs may have similar intensities, their different lengths

still result in distinct dwell times, and Figures 2.28C and S4 show that frequency information can

still provide for accurate classification, especially as one increases the amount of video.

Figures 2.27D and 2.28D explore the opposite circumstance, where the two mRNA have the

same initiation rate, but with two different elongation rates. In this case, it would be possible for

both the intensity means and the dwell times to be identical for the two constructs if their elongation

rates satisfy the ratio:

ke,P300
ke,KDM5B

=
τP300/LP300

τKDM5B/LKDM5B

=
2756aa

1886aa
· 1 = 1.46129. (2.4)

Figures 2.27D and 2.28D show that NCT signals along this parameter manifold are virtually in-

distinguishable as the only variation between their statistics is the time ribosomes spend in the tag

region. Specifically, ribosomes on P300 reach full intensity fluorescence 1.46x faster than those on

KDM5B. Increasing video resolution could potentially resolve parameter sets close to this man-

ifold, but Fig. 2.28D shows that accurate discrimination would require an unrealistic amount of

NCT video. In conditions like these, it may be best to tag the mRNAs with different tag colors or

use different tagging strategies as we discuss in the next section.
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mRNAs with similar fluctuations and intensities can be made more classifiable via intelligent

design of tag placements

Considering the comparisons in Fig. 2.27A-D, we observed that there are several conditions

under which machine learning may be unable to classify NCT spots. Specifically, classification

may fail when: (1) videos are too short to sample intensity distributions or have a too poorly cho-

sen frame interval to quantify intensity frequencies (Fig. 2.25); (2) when signal intensities are too

low to capture the relevant statistics; or (3) when the mRNA lengths, initiation rates, or elongation

rates combine such that both mRNAs yield identical statistics for both intensity and frequencies.

As discussed above, the solution to the first two “failure modes” is to collect more information (i.e.,

longer videos with a more appropriate temporal resolution). In contrast, for conditions where in-

tensity and frequency statistics are nearly identical, such as in Figures 2.27C and 2.28C, no amount

of extra information or imaging will be able to tell these NCT spots apart. In such a circumstance,

the similarity between the two mRNA could be ameliorated by changing the mRNA constructs

themselves. For example, one could alter the fluorescent signal statistics either by lengthening one

of the mRNAs in question or by employing an alternate tagging design. Changing the length of the

mRNA with linker or junk regions may introduce unwanted effects in the mRNA / protein targets

under study, so changing the tag region is preferable. To demonstrate this possibility, Fig. 2.29A

and B considers the case from above where the elongation rates of P300 (kP300
e =11.04 aa/s) and

KDM5B (kKDM5B
e = 7.56 aa/s) differ by the critical factor of 1.46, such that the 10xFLAG-P300

and 10xFLAG-KDM5B constructs yield identical intensity fluctuations that cannot be discrimi-

nated from one another. We then propose several modifications to the tagging scheme for KDM5B

to explore how different designs might affect classification accuracy as follows:

• 10x Flag Tag on the N-terminus of KDM5B (original ineffective design)

• Splitting the tag region to relocate 3 epitopes to the C-terminus

• Relocating the tag region to the C-terminus of KDM5B’s CDS
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• Adding 5 epitopes to the end of the 10x Flag Tag (adding in 5 ‘DYKDDDDK’ sequences

separated by two glycines each)

• Removing 5 epitopes from the 10x Flag Tag (mutating the last 5 epitopes from ‘DYKD-

DDDK’ to ‘DYKDGGDK’)

• Relocating the 10x Flag Tag to the C-terminus of KDM5B’s CDS

Figure 2.29: Changing tag designs to improve classification accuracy. A) Tag design for P300 construct

is kept fixed B) Five different tag designs for KDM5B created by splitting the tag, increasing or decreasing

the amount of epitopes, or relocating the tag region to the 3’ end C) Accuracy for classification corresponding

to each of the design combinations, and all assuming an elongation rate ratio of 1.46, under which the

original design was non-classifiable (Figures 5D, 6D). All alternative designs would dramatically increase

classification accuracy.

Fig. 2.28(C) shows that any of these permutations to the original 10x Flag tag on the 5’ end of

KDM5B allows the two mRNAs to be classified with greater than 85% test accuracy. Each tagging

strategy changes the intensity dynamics of KDM5B spots, shifting them away from similar means

and variances of the P300 spots, allowing classification without resorting to using a different color
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tag. One should note that each of these strategies comes with its own potential drawbacks: Moving

the 10x flag to the end doesn’t allow any information about the upstream translation dynamics to

be captured in the NCT experiment, and removing / moving 5 epitopes tag to the 3’ end creates a

dimmer spot, potentially obscuring translation dynamics under study. Adding epitopes also has its

own potential drawback of needing longer plasmids for transfection.

Classifiers can retain accuracy despite uncertainties or assumption errors in biophysical pa-

rameters

In the previous sections, we explored how well classification would work in the ideal situation

in which the classifier is trained on data that match (in probability) to the circumstances of the test-

ing data (although every intensity trajectory is different due to stochastic fluctuations in translation,

motion, and cellular background noise). In other words, the stochastic model used to generate the

training data was the same as the model used to generate the testing data. For a more realistic test

of how well one might expect a classifier trained using simulated data to work when applied to

experimental data, one must acknowledge that true biophysical parameters are unknown, and they

may vary from cell to cell or from one individual mRNA to the next. For example, in the analysis

of KDM5B and P300, it is reasonable to assume that the mRNA designs and lengths are known,

but one might only have a rough estimate for the initiation and elongation rates based on analyses

for other mRNA, cells, or conditions. Ideally, the classifier should still work despite finite errors in

these parameter estimates. To explore how well a simulation-trained classifier might work when

parameters are incorrect, Fig. 2.31 shows the accuracy versus unknown rates ke and ki when the

model is trained at three specific assumptions for those rates (denoted by red squares in Fig. 2.31).

When the model is trained with a fast elongation rate and a slow initiation rate (Fig. 2.31A), classi-

fication accuracy is always poor (as discussed above, see Fig. 2.31B). However, when the model is

trained in a condition that is more conducive for accurate classification (Fig. 2.31B), the accuracy

is strong not only for the exact parameters under which the model was trained, but for a large range

of surrounding parameter sets. The practical implication of this result is that one could in principle

use an approximate model (e.g., the simulations presented in this study) to train a classifier and
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then reliably trust that classifier despite unavoidable but finite errors in the underlying model or

parameter assumptions. To maximize the utility of such a classifier, we performed a search over

all possible sets of parameters on which to train the model and asked which training set leads to a

classifier that would work best when averaged over the unknown “true” parameters. Fig. 2.31C)

depicts the accuracy of this model (which is trained at ki = 0.07 s−1 and ke = 6.44 aa/s) as a

function of all parameters, and it results in an expected average classification accuracy of 70% but

with classification greater than 80% for large regions of parameter spaces.

Classification is possible with photobleaching and tracking errors.2

To examine the effects of photobleaching on classification, simulated videos were subjected

to 11 different photobleaching rates before processing. 75 Simulated cell videos of 350 frames at

Figure 2.30: Caption on next page.

2This section was moved from its original location in supplemental information.
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Figure 2.30: Effects of photobleaching and tracking on machine learning classification. A) Representa-

tive examples from 75 simulated cells of KDM5B and P300 at base conditions (Table 2) that were simulated

at each of 11 different photobleaching rates. Tracking was performed on RNA spots in the red channel at

a frame interval of 1 s. Translation was quantified in the green channel for 60 frames at a 5 s interval. B)

Photobleaching intensity curves that scale video frames (red and green channels) to generate simulated cell

videos (panel A). C) Efficiency for realistic tracking is reported as (# spots tracked / # total true spots). Total

number of spots found by Trackpy per data set includes false positive spots, real trajectories, and real trajec-

tories that are improperly linked or “fragmented,” resulting in more spots being found than real simulated

spots. When filtering with a squared error to real simulated spots, 80% of real spots are recovered in full

or fragmented form (brown line). Requiring any spot, real or fake, to be tracked longer than 300 seconds

results in ∼50% recovery until large photobleaching rates (green line). Filtering for spots with low matching

error and existing longer than 300 seconds recovers ∼40% of true spots until larger photobleaching rates

(purple line). The purple line represents the detected spot subset that was used for training in the “realistic

tracking” condition. D) Classification accuracy versus photobleaching loss rate under perfect tracking (pink)

or realistic tracking with image processing errors (purple). 2,500 spots were used for training in the perfect

tracking case. For realistic tracking, the actual number of identified and true tracks varies and is shown in

purple numbers for each photobleaching rate (out of 7,500 total generated spots). When training classifiers,

500 spots were withheld for testing classification accuracy.

1 second frame interval containing 25 spots of KDM5B and 25 spots of P300 with ki = 0.06 s−1

and ke = 5.33 aa · s−1 were simulated for each photobleaching rate ranging from 0.01% lost per 5

seconds to 5% lost per 5 seconds. Diffraction limited RNA spots were added to the channel zero

(red) for simulation of particles for tracking; These RNA tag spots were co-localized with the chan-

nel one (green) spots for their corresponding NCT protein signal. Photobleaching was added post

simulation by multiplying the resultant videos by the normalized photobleaching curves shown

in Supplemental Fig. 2.30B. Sample videos are shown in Supplemental Fig. 2.30A for each pho-

tobleaching rate. Extrema were removed from each video channel by normalizing intensities to

the 0.05th and 99.9th percentile of intensity. Particle tracking was performed on each video after

image processing. The video’s red channel was filtered for spots by applying a bandpass filter

(skimage.difference_of_gaussians, low_sigma = 0.1, high_sigma = 5, truncate = 3) and Laplace of

Gaussian’s filter (scipy.ndimage.gaussian_laplace, sigma = 1.5). The filtered video was passed to

Trackpy [101]. Trackpy was iteratively called on the filtered video’s red channel with increasing

until the number of spots detected levels off (approximated derivative of # spots detected / intensity

threshold = 0). The location where the number of spots detected levels off is used as the final in-

tensity threshold. Tracking efficiency results are shown in Supplemental Fig. 2.30C. This iterative
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Trackpy approach on average finds 120% of the true simulated number of spots —consisting of

false positive spots ∼33%, real spots and real spots whose trajectories are not correctly linked re-

sulting in multiple particle tracks from one spot, ∼66%. To filter out false positive spots and short

detected trajectories, all spots were then matched with their minimum squared error divided by

the length of the tracked trajectory (time normalized squared error) to the true locations from their

simulated video. Spots with an error lower than 3 pixels were considered “real”particles and kept

for classification tests, ∼80% of real spots were recovered in some form with this error matching.

Additionally, any spot not detected for ≥300 seconds was excluded from classification. Percentage

of spots detected and kept for classification as a function of photobleaching rate is shown in the

purple line in Supplemental Fig. 2.30C. Tracking is around 40% efficient at recovering long tra-

jectory true spots unless the videos significantly photobleach before the threshold of 300 seconds.

All final spots used for classification were down-sampled to 60 frames at a 5 second frame inter-

val for classification. Classification was performed on the “perfect tracking” using 2000 training

spots / 500 withheld spots. The “realistic tracking”data set was trained on the maximum possible

recovered spots from the 75 total cells while withholding 500 spots for validation. Supplemen-

tal Fig. 2.30D shows the accuracy versus photobleaching rates with “perfect tracking”and with

the “realistic tracking”from the Trackpy pipeline. Test accuracy stays level across photobleaching

rates for both types of tracking; This would change with longer videos that can supplement their

classification with the frequency information of the autocorrelation —the videos would be easier to

classify with lower photobleaching rates where a better autocorrelation can be measured. However,

at only 300 seconds of video, there is not enough time to acquire adequate dwell time information

and the classifier is exclusively using intensity differences to tell spots apart; With a consistent

photobleaching across genes, these intensity differences are also consistent at any given time point

(until all intensity is lost). Greater in-depth simulations of photobleaching such as differing photo-

bleaching rates for different elements of the simulation or other photobleaching models and their

effect on classification can be explored in the future.
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Figure 2.31: Accuracy of classifier when trained with incorrect parameter assumptions. Accuracy ver-

sus the actual rates ke and ki when the model is exclusively trained on three specific, but possibly incorrect,

sets of these parameters A) (ki =0.02 s-1, ke =10.89 aa/s), Average accuracy = 52.4% B) (ki =0.09 s-1, ke
=3.11 aa/s), Average accuracy = 70.1% C) (ki =0.07 s-1, ke =6.44 aa/s), Average accuracy = 70.2%.

Using combinations of intensity fluctuation information and different color mRNA tags, one

could design experiments to distinguish several mRNAs within the same cell

Finally, to highlight the how our proposed pipeline might be used to increase the potential of

NCT experiments, we demonstrate it on the simulation of seven tagged species within a single

cell under the assumption of consistent initiation and elongation rates across spots. Using the

Fig. 2.27A heat map, we selected four mRNAs species that were differentiable from each other

with a higher than 90% accuracy for the green channel, and three mRNA species for the blue

channel with the same accuracy threshold, Table 2.7. A single simulated “multiplex” cell video

was generated with the conditions described in both tables. Ten spots for each of the seven mRNAs

were added to the appropriate color channel for each cell. An additional class of non-translating

spots was also added by taking 2500 trajectories from the opposite (no-spot) channel, but with

the same Brownian motion. The ML architecture was adjusted to account for the multiple mRNA

labels and the noise label for non-translating spots, and the final layer was set to a softmax layer and

an output of the number of species in each color channel (four for blue and five for green, including

one the non-translating spots in each channel). A model was trained with the process described in
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Table 2.7: Multiplexing simulation parameters

Comparison Analysis Variable Range Constants

Green Channel (4 spots)

mRNA length (without tag):

* RRAGC (1200 NT)

* LONRF2 (2265 NT)

* MAP3K6 (3867 NT)

* DOCK8 (6000 NT)

* Frame interval: 5s

* Frames: 64

* ki: 0.06 s−1

* ke: 5.33 aa · s−1

D: 0.925 µm2/s
SNR: 3.7-15.2

Blue Channel (3 spots)

mRNA length (without tag):

* ORC (1734 NT)

* TRIM33 (3333 NT)

* PHIP (5466 NT)

* Frame interval: 5s

* Frames: 64

* ki: 0.06 s−1

* ke: 5.33 aa · s−1

D: 0.925 µm2/s
SNR: 5.2-14.9

the ML section for each color channel using the matching data from the construct length dataset,

(7500 NCT spots for blue, 10000 spots for green with 80:20 train-test split and three-fold cross

validation). Test Video trajectories were normalized with the same min-max scaling as the training

data.

After training, the models were applied to classify the simulated trajectories in 50 new multi-

plexing videos. Fig. 2.32A shows representative images of the artificial ML labeling results applied

to an example multiplexing video. Correctly identified spots are denoted by circles and incorrect

classification results are shown with ‘x’. A representative crop for each spot type is shown on

the left. Fig. 2.32B shows the confusion matrix for each mRNA class and the blank trajectories.

The green channel classifier had an 81% accuracy (disregarding blank trajectories) and struggled

mostly with the two middle length genes LONRF2 and MAP3K6. The blue channel classifier had

a 91% accuracy disregarding noise only spots. As expected, the majority of misclassified spots

were to their length neighbors that have the most similar statistics. The shortest, dimmest mRNA

NCT spots, ORC2 and RRAGC, were still classifiable from the non-translating spots with almost

100% accuracy. 2.2% of RRAGC spots were misclassified as noise. Overall on the test video,

the classifier correctly identified 64 out of 70 spots, demonstrating the potential to label multiple

species in the same cell with a correct tagging scheme and ML labeling.
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In addition to the discrete labels generated by the classifier, the softmax output (shown in

Fig. 2.32C, left) provides a quantification of the classification confidence for each spot. Fig. 2.32C

shows the effect of sorting all classified non-noise spots by their softmax output and discarding

those spots with the lowest confidence for classification. By discarding 50% of the spots with the

lowest confidences yields a dramatic improvement in accuracy for both the green channel (from

81% to 92%) and blue channels (from 90% to 98%). In other words, although perfect classification

may not be achievable, one can focus on confidently identified mRNA to analyse their behaviors,

e.g., to determine how different mRNA types respond to subsequent cellular signals, drugs, or

stress perturbations. It is important to note, our architecture is small but no softmax calibration was

used; a better metric of confidence could potentially be obtained by using a softmax calibration in

future works.

2.3.4 Conclusion and Future Work

Temporally- or spatially-resolved activation or repression of translation provides for a potent

mechanism by which cells could rapidly alter their protein content in response to cellular sig-

nals [110, 111, 112, 113, 114]. Recent advances in Nascent Chain Tracking (NCT) experiments

has made it possible to observe this regulation at the level of single mRNA molecules in living

cells [28, 32, 35, 38, 91]. However, limitations on the number of distinct fluorophores prevents

current NCT experiments from exploring more than one or two different mRNA species at a time.

In this work, we use computational simulations to propose a solution to circumvent this limi-

tation. Specifically, we provide a pipeline (Fig. 2.33) to combine mechanistic models (including

detailed simulation of nascent protein elongation and corrupted by fluorescence background and

camera noise) with machine learning to classify mRNA species based on their fluctuating flu-

orescence intensity signals in NCT experiments. We show that multiple mRNAs labeled with

identical fluorescent tags could be distinguished provided that the mRNAs have some variation in

their intensity distributions or fluctuation frequency content, e.g., due to different lengths (Figs. 5a,

6a) or different translation parameters (Figs. 5B-D). We also demonstrate how our computational
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pipeline could help to guide the design of experiments to make it easier to access these features

and distinguish between different types of translating mRNA. Specifically, by changing multiple

biophysical parameters or experimental design variables —e.g., changing tag design (Fig. 2.29),

mRNA lengths (Fig. 2.27a), ribosomal elongation and initiation rates (Figs. 5 B-D), or the length

and temporal resolution of NCT movies (Fig. 2.25) —we explored which realistic designs of NCT

experiments would provide insight for classification, and which would not allow for NCT multi-

plexing.

Our realistic simulations show that that ML labeling accuracy higher than 80% can be achieved

under reasonable NCT experimental settings (Figs. 2-9). Longer videos with appropriately-chosen

Figure 2.32: Caption on next page.
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Figure 2.32: Simulated multiplexing of seven different mRNA species in a single cell. Ten mRNAs

each of RRAGC, LONRF2, MAP3K6, and DOCK8 with identical were simulated in the green channel, and

ten mRNAs each of ORC2, TRIM33, and PHIP were simulated in the blue channel with our pipeline, and

all with identical tag designs and parameters. Our architecture was modified for multiclass labeling, and a

model was trained for the green and blue channel for artificial labeling of the example video A) Example

frame from video classification with seven different mRNA transcript types. Incorrectly labeled spots are

marked with an X (6/70 spots). Crops of example spots are show to the left B) Confusion matrices for the

green and blue channels when tested on 50 cells containing 10 spots of each mRNA C) Accuracy of the

classifier versus the fraction of low-confidence spots that is discarded. If one only considers the 50% most

confident spots, then accuracy rises to 93.4% and 98.9% for the blue and green channels, respectively.

frame intervals would lead to a better classification of NCT signals, albeit with diminishing returns

(Figs. 4,6). A more strategic approach shows that selectively tagging pairs of mRNA species to

achieve the greatest difference in expected intensity or frequency content achieves higher classifi-

cation with a minimal number of frames (Fig. 2.32). We also demonstrated that different tagging

strategies (Fig. 2.29) can help to separate hard to classify mRNA species, with tag design options

ranging from simply adding more tag epitopes to increase one mRNA’s intensity, to relocating or

dividing the tag region between the 5’ and 3’ end of the CDS to alter the frequency content. Using

these strategies, additional fluorophore colors can be held in reserve for mRNAs that are too similar

in their lengths or dynamics, and we demonstrate that our multiplexing pipeline could distinguish

seven different mRNAs at greater than 90% accuracy when using only two different fluorescent

tag colors and only one per gene (Fig. 2.32). Additional mRNA could be considered by combining

multiple colors on the same mRNA (e.g., mRNA with red and green could easily be distinguished

from those with red or green alone). Based on these promising results of our detailed simulations,

we envision that the next generation of NCT experiments will be able to track and differentiate

multiple identically-tagged translating mRNA within the same cells (especially if these use the

identified experiment designs for tag positions, gene lengths, and video frame intervals).

A limitation of our proposed use of simulations to train classifiers for experimental data, is

that creating realistic simulations requires prior knowledge of system parameters. Some of these

parameters are known in advance (e.g., relative mRNA lengths and codon usage), but others

need to be estimated from literature values or preliminary experiments. In many cases, initial
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control experiments would be needed to ensure that NCT constructs are working for individual

mRNA, and these parameters could be estimated for individual mRNA before attempting mul-

tiplexing experiments. In other cases, the important rates (elongation and initiation) may re-

main similar for different mRNA provided they are analyzed in the same cell types. For ex-

ample, in [50], three mRNA of different lengths were analyzed and elongation was found to

be constant kelongation = 10.6 ± 0.72s−1 while ki was similar among different mRNA, ki ∈

{0.022 ± 0.004, 0.05 ± 0.01, 0.066 ± 0.019}s−1. To evaluate the potential to transfer our model-

based findings to real experiments where parameters are only partially known, we verified that

models learned from one set of mechanistic parameters could correctly classify mRNA when tested

on data that are generated using different parameters guesses (Fig. 2.31). This fact that classifi-

cation accuracy remains high despite inexact knowledge of the model parameters offers hope that

classifiers learned using approximate models could work on data from real experiments, without

a need for collecting excessive training data. Even in the case where initiation rates are highly

variable for different mRNA (e.g., for different regulatory elements in the 3’ or 5’ UTRs), there

remains some hope to classify mRNA. In this case, with sufficiently long videos, nascent protein

fluctuation frequencies could be used to identify mRNA if the lengths are sufficiently different

(e.g., Figures 5D, 6D, and S4). However, if videos are too short, then one may still be able to

differentiate between spots of different types based on their intensity distributions, but without ad-

ditional information about initiation rates (e.g., by collecting a handful of longer videos to assign

labels to each group of mRNA), it would be impossible to determine which mRNAs are which type,

and additional experiments (e.g., direct mRNA labeling using Fluorescence in situ Hybridization

to quantify ribosomal load or spatial correlations [115, 88, 116]) may be required.

Although, for the sake of brevity, this paper does not explore all mechanisms that can be an-

alyzed by the rSNAPsim and rSNAPed computational pipeline (e.g., effects of tracking, photo-

bleaching, variable probe-biding rates, ribosome pausing, etc.), future work could expand on these

capabilities along with further exploration of different machine learning approaches (e.g., different

ML architectures or different types of classifiers) or inclusion of additional features (e.g., includ-
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ing mRNA diffusion rates, cell position information, fluorophore bleaching rates, etc.). Similarly,

although the current manuscript has focused exclusively on supervised learning techniques that

require known ground truth (e.g., labels in simulated data), one could potentially improve the ap-

plication to real data through the addition of unsupervised machine learning or transfer learning

approaches. For example, the simulation-based pipeline proposed here could be used to design tags

and experimental conditions, while unsupervised approaches may be applied to differentiate spots

in subsequent experiments. Finally, beyond the goal of multiplexing, we believe that our general

approach to combine detailed mechanistic models, realistic simulations of microscopy and image

analyses effects, and machine learning classifiers could help to design improved experiments that

are more suited to other biological questions (e.g., to differentiate between competing hypotheses

for translation mechanisms rather than to differentiate different mRNA species as explored here).

2.3.5 Methods

Simulated NCT experiment pipeline

Fig. 2.33 graphically describes the current study’s computational pipeline, which combines

the Rna Sequence to NAscent Protein SIMulator (rSNAPsim) and rSNAP Experiment Designer

(rSNAPed) scientific libraries to generate synthetic training and testing data sets for multiple ex-

perimental conditions. rSNAPsim is a Python module that provides simulated fluorescent inten-

sity traces from a given mRNA transcript using a codon-dependent TASEP to simulate ribosomal

elongation [50]. This mechanistic model for translation assumes two parameters: the ribosomal

initiation rate, ki, is defined as the average number of ribosomes to initiate translation per sec-

ond, assuming that other ribosomes are not blocking the initiation site. The elongation rate, ke is

defined as the global stepping rate (aa/s) averaged over all coding regions in the genome, again

assuming no ribosome-to-ribosome exclusion. Because the actual local stepping rates depend the

specific codon usage of an mRNA, and because rSNAPsim includes a 9-codon ribosome exclu-

sion footprint that prevents two ribosomes from occupying the same site at the same time, the

effective stepping rate for each mRNA is based on the specific sequence of the mRNA. For full
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details on the rSNAPsim model, including calculations for the individual codon elongation rates,

see [50]. We have shown previously that the rSNAPsim module can reproduce much of the fluc-

tuation statistics observed in NCT translation experiments [50, 28, 35]. However, the movement

of NCT spots across the cell background can lead to large drops in intensity when, for example,

a spot leaves a bright nuclear region and enters a dimmer cytoplasmic region. These movements

from areas of high to low or low to high backgrounds cause intensity fluctuations that are not due

to the translation process itself but are, nevertheless, always present in real experimental data.

rSNAPed is a second python module that accounts for artifacts of microscopy, motion rela-

tive to a heterogeneous cellular background, and image processing effects. rSNAPed combines

the rSNAPsim model intensity prediction with a point spread function, a controllable signal-to-

noise ratio, simulated cellular background based on experimental video of non-labeled cells, and

simulated motion for the NCT spots. To create a video for any length of time, rSNAPed takes

20-frame videos from one of seven unlabeled cells, randomly rotates and flips the videos and uses

pixel-by-pixel statistics to formulate distributions from which to generate new simulated frames.

Specifically, for each simulated frame, rSNAPed uses each pixel’s empirical mean and standard

deviation to draw a new Gaussian distributed value for the respective pixel4 Supplemental Fig-

ure Fig. 2.12 provides a comparison of real cell background video and a simulated video from

rSNAPed. Simulated mRNA spots are added to this cell background by simulating a point spread

function on a 3x3 pixel patch, which is centered at a position that moves according to Brownian

motion. After simulating the NCT experiment, videos are processed to find intensity trajectories

using the “disk and doughnut” method [28], where the instantaneous signal is quantified as the

difference between the average of the disk (3x3 patch centered at the spot) compared to the av-

erage of the doughnut (9x9 patch excluding the 3x3 disk patch). Units of intensity are reported

as “units of mature protein”or UMP, which is calculated as the number of complete epitope tags

4Problem pixels that have extremely large standard deviations (e.g., for a video where a given pixel’s intensity becomes

extremely bright for one randomly-timed frame) are corrected to the 95th percentile of all pixels’ standard deviations.
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in the NCT spot (i.e., if a simulation has two ribosomes downstream of a 10xFLAG tag and one

halfway through the tag, the intensity at that time is 25 epitopes or 2.5 UMP).

Figure 2.33: Caption on next page.
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Figure 2.33: Simulated NCT experiment pipeline. Overview of approach to simulate Nascent Chain

Tracking data and assign labels. rSNAPsim provides simulated NCT fluorescent intensity trajectories from

a codon-dependent TASEP model for each mRNA spot. rSNAPed adds experimental spatial movement

(Brownian motion) and temporal noise by introducing a point spread function for each spot. Simulated cell

background frames are generated randomly from a per pixel Gaussian distribution with their means and

standard deviations taken from 20 frames of real blank cell backgrounds. Spots in videos are processed with

the disk and doughnut method to generate simulated NCT intensity data.

The combination of rSNAPsim and rSNAPed allows generation of vast amounts of synthetic

video in different situations (e.g., for different mRNA sequences, different biophysical parameters,

and different imaging conditions) that can match the translation statistics and spatial heterogeneity

that an NCT spot would experience as it moves around a cell. For each mRNA in each condition,

we generate 2500 simulated NCT trajectories (5000 total trajectories for two mRNA types in the

same video). Theses trajectories are collated from 100 independent NCT simulated cells, each

containing 25 spots of each mRNA for 3000 seconds at one second resolution (25 spots × 2

classes × 100 cells = 5000 total NCT spots for 3000 seconds). Smaller data sets can be generated

as needed from these full length data sets by slicing the 1 second × 3000 frame video trajectories

to the desired frame interval and number of frames. By generating such data for multiple different

potential experimental conditions, we can train and test our machine learning methods to ascertain

which feasible experimental conditions are most favorable to allow for successful classification.

Machine Learning

Fig. 2.34A shows the machine learning architecture used to classify mRNA spots. Given two

different mRNA species in the same cell and NCT observations that rely on identical tags, one

could attempt to classify the mRNA based on their intensity signals, their particle sizes, or their

x, y, and z coordinates over time (with z having poorer resolution than x and y). Of these, we

focus on intensity signals, which contain both statistical moments, such as the signal means and

variances, as well as signal frequency content, similar to that which could be obtained with methods

like spectrogram analysis or fluctuation correlation spectroscopy (FCS). We apply convolutional

neural networks to classify the NCT simulation data based on one or both types of signal intensity
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inputs. First, to prioritize extraction of features related to intensity statistics, we use min-max

normalization of all intensity signals in the same video. Let Ii(t) denote the intensity for spot

i ∈ (1, 2, . . .) and at frame number t ∈ [0, 1, . . . , T − 1] that has been collected from a given

NCT experiment or simulation video. Define Imax and Imin as the maximum and minimum spot

intensities across all spots and all times in the video:

Imax = max
i,t

Ii(t), and Imin = min
i,t

Ii(t). (2.5)

The min-max normalization of each signal, Ii,norm, which scales features from zero to one for later

convenience in machine learning, is computed as:

Ii,norm(t) =
Ii(t)− Imin

Imax − Imin

. (2.6)

Second, to prioritize features related to fluctuation frequencies, we use the normalized empirical

auto-correlation function for each spot, Gi(τ), which is defined as the sample covariance between

the signal fluctuation at frames t and t+ τ , is calculated as:

Gi(τ) =
1

T − 1− τ

T−1−τ∑

t=0

(
Ii(t)− µi

Σi

)(
Ii(t+ τ)− µi

Σi

)
, (2.7)

where t is an index corresponding to the frame number, τ is the correlation lag time; T is the total

number of frames; and µi and Σi are the ith signal’s trajectory average and standard deviation,

respectively [23, 76].

The normalized inputs from Equations 2.6 and 2.7 are each passed to their own separate con-

volutional 1D layer and subsequent max pooling layer for feature extraction. For convenience,

the two convolutional layers have the same size filter kernels and amount of filters. The extracted

feature vectors from each input are concatenated and passed into one fully connected layer with

a cross-entropy objective to classify the mRNA. The entire network (2 conv1D, 2 maxpooling, 1

dense) was trained end to end, and elastic net regularization is used to reduce over-fitting [117].
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Figure 2.34: Machine learning classifier and training data size. A) The ML model consists of two

separate convolutional layers–one receiving a normalized fluorescent trajectory and the other an intensity

autocorrelation. The filter outputs are regularized and concatenated for a dense layer of 200 neurons for

classification. Fundamentally, this architecture learns off frequency and intensity information from the NCT

trajectory. B) Accuracy of the architecture for different training data sets. A total of 4,000 unique spot

trajectories were split into 2–10 independent training data sets of the specified size. A classifier was trained

with each training data set and tested on the same withheld validation set of 1000 NCT spots. A trend-

line was added by fitting a Hill function to the test accuracy average across 15 bins in training data size(
y = 0.5 + 0.391

1+(6.336/x).521

)
. The architecture was applied on simulated P300 and KDM5B trajectories

from the selected base experimental condition (5 s frame interval, 64 frames, 0.06 1/s initiation rate, 5.33

aa/s elongation rate).

During training, data was split with an 80:20 ratio into training and testing sets, and training was

performed with a 3-fold cross validation using a random search to select hyperparameters. Specifi-

cally, we searched over the possible combinations of options listed in Table 2.8 [118], and selected

the hyperparameter set that maximized validation accuracy. After training and hyperparameter

selection, the final architecture was tested on the 20% withheld test data to quantify the model

performance on unseen data.

Hardware

All machine learning experiments were done with TensorFlow 2.2.0 on 2x NVIDIA Geforce

2080 Supers. Simulated NCT experiments were generated on an AMD Ryzen Threadripper 3970X

32-Core Processor utilizing 8 threads for each simulated NCT experiment generation. Time for
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Table 2.8: Hyperparameter optimization grid

Hyperparameter Variable range

kernel size 1x3, 1x5, 1x7

number of kernels 16, 32, 64

batch size 16, 32, 64

epochs 50, 100

generating one 5000 spot NCT experiment with base experimental conditions: ≈ 2h 44m. Time

for generating one 50-spot cell with base experimental conditions (short output + not saving video):

≈ 197 seconds

Microscopy

The seven background videos used for video generation in the rSNAPed were captured using

a custom-built wide-field fluorescence microscope with a highly inclined illumination regime with

488, 561, and 637 nm excitation beams (Vortran) ([79, 23]). An objective lens of 60X, NA 1.49

oil immersion, Olympus, was used. The emission signals were split by an imaging grade, ultra-flat

dichroic mirror (T660lpxr, Chroma) and detected using two separate EM-CCD (iXon Ultra 888,

Andor) cameras via focusing with 300 mm tube lenses ultimately producing 100X images with a

130 nm/pixel resolution. JF646 signals were detected with the 637 nm lasers and the 731/137 nm

emission filter (FF01-731/137, Semrock). Cy3 signals were detected with the 561 nm lasers and

the 593/46 nm emission filter (FF01-593/46, Semrock)

The lasers, the cameras, and the piezoelectric stage were synchronized via an Arduino Mega

board (Arduino) and image acquisition was done with open source Micro-Manager software [119].

An imaging size of 512x512 pixels2 was used and exposure time was set to 53.63 msec. This

resulted an imaging rate of 13 Hz with 23.36 msec readout time and 13 Z-stacks were captured at

500nm step size.

U-2 OS cells were loaded with Cy3-FLAG Fab and JF646-Halo-MCP 6 to 10 hours prior

to imaging. Right before imaging, cells were transferred into the stage top incubator set to a
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temperature of 37°C and supplemented with 5% CO2 (Okolab). Acquired 4D (xyzt) images were

processed to 3D (xyt) maximum intensity projections for the rSNAPed image generation.
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Chapter 3

Transcription Modeling

3.1 Live-cell imaging reveals the spatiotemporal organization of endoge-

nous RNA polymerase II phosphorylation at a single gene5

Dr. Linda Forero-Quintero and Dr. Tim Stasevich approached my PI and I in late spring

2019 and requested a computational model fit to their live-cell single-molecule transcription ex-

periments of an endogenous reporter gene. The goal of the computational modeling was to fit the

amount of RNAP2 colocalizing to the promoter region, providing additional evidence that more

RNAP2 were localized than space available on the promoter region. This paradoxical over local-

ization is consistent with a transcription phase condensate model proposed circa 2017 [120], and

Dr. Forero-Quintero wished to confirm their results do indeed provide evidence for phase con-

densate transcriptional regulation although the core of the paper was the live-cell single-molecule

application for transcription. My contribution to this paper was computationally exploring and fit-

ting several models and ultimately performing model selection of a class of bursting models over

the course of late 2019 and 2020. The final model fits did indeed suggest that more RNAP2 join

the promoter cluster than space on the actual promoter. Our modeling efforts also suggested an

additional experiment clarifying the transition rate of Ser5 phosphorylation as their original data

could not quantify this transition rate.

To highlight my contributions to this paper, much of the relevant modeling information has

been moved from the supplemental information and given more detail here. The original paper is

provided as is and the added section is denoted with a disclaimer.

5Linda S. Forero-Quintero, William Raymond, Tetsuya Handa, Matthew N. Saxton, Tatsuya Morisaki, Hi-

roshi Kimura, Edouard Bertrand, Brian Munsky, Timothy J. Stasevich, DOI: https://doi.org/10.1038/

s41467-021-23417-0
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3.1.1 Summary

The carboxyl-terminal domain of RNA polymerase II (RNAP2) is phosphorylated during tran-

scription in eukaryotic cells. While residue-specific phosphorylation has been mapped with

exquisite spatial resolution along the 1D genome in a population of fixed cells using

immunoprecipitation-based assays, the timing, kinetics, and spatial organization of phosphoryla-

tion along a single-copy gene have not yet been measured in living cells. Here, we achieve this

by combining multi-color, single-molecule microscopy with fluorescent antibody-based probes

that specifically bind to different phosphorylated forms of endogenous RNAP2 in living cells.

Applying this methodology to a single-copy HIV-1 reporter gene provides live-cell evidence for

heterogeneity in the distribution of RNAP2 along the length of the gene as well as Serine 5 phos-

phorylated RNAP2 clusters that remain separated in both space and time from nascent mRNA

synthesis. Computational models determine that 5 to 40 RNAP2 cluster around the promoter dur-

ing a typical transcriptional burst, with most phosphorylated at Serine 5 within 6 seconds of arrival

and roughly half escaping the promoter in ∼1.5 minutes. Taken together, our data provide live-cell

support for the notion of efficient transcription clusters that transiently form around promoters and

contain high concentrations of RNAP2 phosphorylated at Serine 5.

3.1.2 Introduction

In eukaryotic cells, the catalytic RPB1 subunit of RNA polymerase II (RNAP2) possesses an

extended carboxy-terminal domain (CTD) that consists of heptapeptide repeats (52 in humans)

with a consensus sequence (Tyr1-Ser2-Pro3-Thr4-Ser5-Pro6-Ser7). The CTD region is dynamically

phosphorylated as RNAP2 progresses through the transcription cycle, regulating each step of tran-

scription, from initiation to termination. In some models, RNAP2 is recruited to promoters in an

unphosphorylated form (CTD-RNAP2), but is later phosphorylated at Serine 5 (Ser5ph-RNAP2)

upon initiation and at Serine 2 (Ser2ph-RNAP2) during active elongation [121, 122, 123, 124].

Interest in the CTD has recently increased due to observations of highly dynamic RNAP2 clus-

tering [124, 125, 126] that correlates with the phosphorylation status of the CTD7, [127]. In par-

125



ticular, recent data suggest that a transcriptional cluster forms around gene promoters early in the

transcription cycle. The cluster is thought to be enriched in unphosphorylated- and Ser5ph-RNAP2

that appear to constrain chromatin movement near the transcription start site [128]. However, upon

transcriptional activation, hyperphosphorylation of RNAP2 at Ser2 allows the enzyme to escape

the cluster and begin active elongation [129, 128]. The dynamic clustering of RNAP2 involves

many steps and a complex orchestration of multiple factors and could therefore represent a global

form of transcriptional regulation [130].

RNAP2 phosphorylation throughout the transcription cycle has traditionally been studied in

fixed cells using immunoprecipitation-based assays [121, 123, 131]. These studies provide precise

spatial maps of the average positions of RNAP2 along the 1D genome. Unfortunately, the inherent

averaging masks heterogeneity, and the procedure limits temporal resolution to timescales of tens

of minutes or longer [132]. RNAP2 dynamics can instead be imaged and quantified in living cells

using fluorescence microscopy, overcoming the limitations of traditional assays. Recent single-

molecule tracking technologies [79, 133, 134, 135, 136] has made it possible to monitor single

RNAP2 as they bind at non-specific locations throughout the genome [125, 137] as well as a

specific, single-copy genes [126, 136] pre-marked with MS2 [55, 138] or PP7 [56] RNA stem-loops

(that are lit up co-transcriptionally when, respectively, fluorescent MS2 or PP7 coat proteins bind

to them). Each of these studies used permanent fluorescent fusion tags to track RNAP2. Fusion

tags are incapable of discerning post-translational modifications to RNAP2, including transcription

cycle-associated phosphorylation events.

One way to resolve post-translational modifications to RNAP2 is to use antibody-based probes

that bind and light up specific modifications to residues within the CTD in vivo [139, 140, 61,

141, 142]. However, the signal-to-noise is limited with this approach because of the presence of

unbound and freely diffusing probes that increase the fluorescence background (BG). Applications

have therefore been restricted to large tandem gene arrays. Signal-to-noise is amplified by the mul-

tiple copies of a gene within these arrays, but heterogeneity from one gene copy to another is again
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masked by averaging [143]. Therefore, the spatiotemporal dynamics of RNAP2 phosphorylation

at single-copy genes remain unclear.

Here, we combine multicolor single-molecule microscopy, complementary fluorescent anti-

body based probes, and rigorous computational modeling to visualize, quantify, and predict en-

dogenous RNAP2 phosphorylation dynamics at a single-copy reporter gene in living cells. This

unique combination of technologies allows us to directly visualize the temporal ordering and spa-

tial organization of RNAP2 phosphorylation and mRNA synthesis throughout the transcription

cycle at the reporter gene. We find evidence for relatively high concentrations of RNAP2 near

the beginning vs. end of the gene that are both spatially and temporally separate from elongating

RNAP2 and nascent mRNA synthesis. Collectively, our data provide live-cell support for the ex-

istence of higher-order, phosphorylation-dependent transcriptional clusters that dynamically form

and surround active genes throughout the transcription cycle.

3.1.3 Results and Discussion

Technology to visualize endogenous RNAP2 transcription cycle dynamics at a single gene

To visualize the spatiotemporal dynamics of endogenous RNAP2 phosphorylation at a single

gene, we used an established HeLa cell line (H-128) harboring an MS2-tagged HIV-1 reporter

gene and stably expressing both GFP-tagged MS2 coat protein (MCP) and an untagged HIV-1

trans-activator of transcription (Tat) [138]. We chose HIV-1 as our reporter gene because it is a

prototypical model for RNAP2 phosphorylation [144]. The HIV-1 reporter is strongly active in

our cell line due to persistent stimulation by Tat, producing a bright MCP signal that pinpoints the

location of the transcription site (TS) and gauges its activity in real-time [138] (Fig. 3.1a). Con-

sistent with this strong signal, immunostaining experiments in fixed cells revealed the TS is highly

enriched in RNAP2 and relatively depleted in histones and their epigenetic modifications (Supple-

mentary Fig. 3.2a,b). Chromatin immunoprecipitation (ChIP) experiments furthermore confirmed

the presence of CTD-RNAP2 and its phosphorylated forms Ser5ph- and Ser2ph-RNAP2, respec-

tively. In particular, we detected that CTD-RNAP2 and Ser5ph-RNAP2 signals are highest at the

127



transcription start site, whereas Ser2ph-RNAP2 is highest towards the end of the gene (Fig. 3.1b).

However, because these data come from a population of fixed cells, whether the various forms of

RNAP2 are present at the same time and place and whether or not they appear in a preferred order

is difficult to extract from this assay.

Figure 3.1: Caption on next page.
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Figure 3.1: A system for imaging the endogenous RNAP2 transcription cycle at single genes. A)

Schematic of the system. The reporter gene is controlled by the HIV-1 promoter and is tagged with a

128xMS2 cassette (blue bar). RNAP2 is represented in gray. RNA is marked by MCP-GFP that binds to

the transcribed MS2 stem-loops (mRNA, blue). The recruited and initiated RNAP2 are labeled by Fabs

(conjugated with CF640 and Cy3) that bind unphosphorylated and phosphorylated CTD RNAP2 heptad

repeats (CTD, red) and Serine 5 phosphorylated repeats (Ser5ph, green), respectively. B) Average chromatin

immunoprecipitation occupancy of CTD-RNAP2 (red, upper panel), Ser5ph-RNAP2 (green, middle panel),

and Ser2ph-RNAP2 (blue, lower panel) across the HIV-1 reporter gene (positions 1-10 are highlighted in

the cartoon above). Data are presented as mean values +− S.E.M. C) Sample live-cell showing CTD-

RNAP2, Ser5ph-RNAP2, and mRNA co-localizing at the transcription site (TS), n=9 cells in 4 independent

experiments. D) Normalized intensity at the TS over time from the cell in C for CTD-RNAP2 (red circles),

Ser5ph-RNAP2 (green squares), and mRNA (blue diamonds).

To better characterize the spatiotemporal dynamics of single-cell RNAP2 modifications during

transcription, we loaded fluorescent fragmented antibodies (Fab, generated from the same anti-

bodies used in ChIP) [139, 145] recognizing (1) the CTD of RNAP2 (anti-CTD RNAP2) without

or with residue-specific phosphorylations, and (2) heptad repeats within the CTD that are phos-

phorylated at Serine 5 (anti-Ser5ph RNAP2). These antibodies have previously been shown to be

specific for their respective targets via Western blotting and ELISA [143] and in ChIP-seq [146]

experiments. Fab generated from these antibodies has also been shown to rapidly bind and un-

bind their targets, making them valuable for monitoring temporal changes in RNAP2 phospho-

rylation [143]. Consistent with anti-CTD Fab labeling all RNAP2 and anti-Ser5ph Fab labeling

a subset of RNAP2, we observed regions within the nucleus with RNAP2 enriched or depleted

with Ser5ph (Supplementary Fig. 3.3). These capabilities allowed us to distinguish three dis-

tinct steps of the transcription cycle at the HIV-1 reporter gene: RNAP2 recruitment (marked by

Fab against CTD-RNAP2), initiation (marked by both Fab against CTD-RNAP2 and Fab against

Ser5ph-RNAP2), and elongation (marked by all Fab and MCP binding to mRNA), as depicted in

Fig. 3.1a, c. Although we attempted to also visualize Ser2ph at the locus with our Fab, signal-

to-noise was insufficient to detect in living cells, presumably because the antibody is not sensitive

enough to recognize this modification at the single-gene level.

Nevertheless, this setup has several advantages that collectively enhance signal-to-noise at the

TS. First, Fab binds endogenous RNAP2, so all RNAP2 in the cell has a high likelihood to be
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labeled without having to genetically engineer a fusion knock-in tag [137, 126] and/or alpha-

amanatin resistance [125]. Second, fluorescence is naturally amplified since mammalian RNAP2
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Figure 3.2: (a) Immunostaining (red, left panels) of CTD-RNAP2 (n=11), Ser5ph-RNAP2 (n=10), histone

H3K27ac (n=12), H3K27me3 (n=14), H3K4me1-3 (n=3) and H3K9me2-3 (n=3) at the HIV-1 transcrip-

tion site (TS) marked by MCP-GFP (mRNA; blue, center panels), along with a merge (right panels). (b)

Representative cell showing a mobility map of single H2B tracks. The blue scale shows the average frame-

to-frame jump size (one frame every 43.86 ms) for each tracked molecule. The track corresponding to

the transcription site is shown in red. The yellow dashed box displays a zoom-in around the transcrip-

tion site region, where H2B is depleted (n=17 out of 28 cells in 3 total days). Control experiments for

photo-bleaching showing (c) left panel, “best-Z”positions of the TS over time for the exemplary cell in

Fig. 3.1c right panels, normalized intensity over time for CTD-RNAP2 (red circles), Ser5ph-RNAP2 (green

squares), and mRNA (blue diamonds) for all the cells recorded as in Fig. 3.1c,d. The shadow and the line

in the middle represent the S.E.M and the average. (d) Images of cells from bleed-through control experi-

ments. Left, a cell loaded with just Fab marking CTD-RNAP2 (CTD-RNAP2-CF640) displays endogenous

puncta that are not the TS (designated Only Red “OR”spots; n=10); Middle, a cell loaded with just Fab

marking Ser5ph-RNAP2 (Ser5ph-RNAP2-Cy3) displays endogenous puncta that are not the TS (designated

Only-Green “OG”spots; n=15); Right, a cell without Fab in which the TS is marked solely by GFP-MCP

binding mRNA (Only TS-GFP; Only Blue “OB"; n=15). Cropped images show the various “OR", “OG",

and “OB”sites where the individual channels are separated and labeled as follows: (1) Red (CTD-RNAP2),

(2) Green (Ser5ph-RNAP2), (3) Blue (mRNA), and (4) Merge. (e) Cropped images in a time course at

an “OB”site demonstrates no bleed through of the mRNA channel into the other channels. (f) Covariance

between all possible pairs of raw intensity signals is not significant at “OR", “OG", and “OB”sites, but is

significant at the TS in cells containing all three signals (i.e. cells loaded with both Fab and expressing

MCP-GFP; All). n=number of cells/independent experiments. Data are presented as mean values ± S.E.M.

Significance was tested using a two-tailed Mann-Whitney U-test with p≤ 0.0136 (*) and p≤ 0.0091 (**).

contains 52 heptad repeats in its CTD [147], each of which can be bound by a fluorescent Fab

at the TS. Third, Fab continually binds and unbinds RNAP2, mitigating the loss of fluorescence

due to local photobleaching. In combination with a multi-color, single-molecule microscope [23]

employing oblique HILO illumination to enhance signal-to-noise by an order of magnitude [79],

these advantages allowed us to generate movies in which we monitored endogenous RNAP2 phos-

phorylation dynamics at the HIV-1 reporter gene in 3-colors.

As shown in Fig. 3.1c, d, movies revealed correlated fluctuations between the mRNA signal

and endogenous CTD-RNAP2 and Ser5ph-RNAP2 signals at the TS. To ensure correlations were

not an artifact of focusing issues, we tracked the TS in 3D (by imaging 13 z-planes per time point)

to keep the MS2 signal continually in focus (Supplementary Fig. 3.2c, left panel). The correlations

were also not caused by photobleaching, as signals fluctuated both up and down throughout the

entire imaging time course, remaining on average constant (Supplementary Fig. 3.2c). Finally, to

rule out the possibility that correlated fluctuations were caused by bleed-through from one fluo-
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rescence channel to another, we re-imaged cells lacking Fab. In all cases, no bleed-through was

observed (Supplementary Fig. 3.2d, e), as quantified by the covariance between channels (Supple-

mentary Fig. 3.2f). We, therefore, conclude the correlations reflect natural bursts in endogenous

transcriptional activity at the HIV-1 reporter gene, demonstrating our ability to detect and quantify

endogenous RNAP2 phosphorylation dynamics at a single-copy gene.
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Figure 3.3: Fixed cells stained with our CTD- and Ser5ph-specific Fab. Cells with distinct staining

patterns. Some areas within cell nuclei are enriched with CTD-specific Fab (red arrows), other areas are

enriched with Ser5ph-specific Fab (green arrows), while still other areas are enriched with both Fabs (orange

arrows). At the HIV-1 transcription site (TS), we typically see both Fabs present (a), n=20 out of 29 cells.

However, on occasion we can find TSs in which Ser5ph-RNAP2 staining is relatively dim (b & c), n=8 out

of 29 cells, or, in very rare cases, CTD-RNAP2 staining is relatively dim (d), n=1 out of 29 cells. This

provides evidence that the signals are fluctuating.

Long-term imaging of fluctuations at the reporter gene reveals temporal ordering of RNAP2

phosphorylation

In the majority of cells, the mRNA was steadily produced by the HIV-1 reporter gene, with

strong signals persisting for hours at a time. In a few cells, the mRNA signal completely disap-

peared, indicating a loss of nearly all transcription activity. We were interested in capturing these

rare events in a single time course to better discriminate the relative timing of our RNAP2 and

mRNA signals. To accomplish this, we adjusted our imaging conditions to optimize detection of

all three signals in single cells over a period of three hours (200-time points), as exemplified in

Fig. 3.5a-c (also see Supplementary Movie 1 (available online), and Supplementary Fig. 3.4a-c).

We again imaged in z-stacks (13 planes spaced by 0.5 µm) covering the whole nucleus at each time

point throughout the entire experiment. We were therefore confident that the fluctuations were due

to changes in transcription activity and not related to transcription site movement into and out of

the focal plane (Supplementary Fig. 3.4d). With these imaging conditions, we found cells in which

the mRNA signal turned on and off up to four times, indicating bursts of transcription and multi-

ple complete transcription cycles. Consistent with our previous result, signals at the transcription

site were highly correlated and fluctuated generally in unison, although there were distinct periods

of time when one signal could be seen for multiple frames in the absence of some other signals.

This again ruled out bleed-through and suggested the signals were not perfectly synchronized. To

ensure the correlated fluctuations were specific to the locus and not cell-wide, we verified that

covariances between the mRNA signal and the CTD or Ser5ph signals were significantly stronger

when both signals were measured at the transcription site compared to when one or both signals

were measured a short distance (p1) from the transcription site (Supplementary Fig. 3.4e-g).
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Having established a well-controlled system to examine fluctuations at a single gene, we were

confident in our ability to quantify the temporal ordering of RNAP2 and mRNA throughout the
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Figure 3.4: RNAP2 fluctuations at the HIV-1 reporter locus and off target.(a,b) A cell with strong and

persistent transcription has co-localized CTD-RNAP2 (red circles), Ser5ph-RNAP2 (green squares), and

mRNA (blue diamonds) at the transcription site (TS), n=7 out of 20 cells. (c) Normalized signal intensities

over time for all the cells analyzed as in b. The shadow and the line in the middle represent the S.E.M

and the average, respectively. (d) Z-positions of all the cells quantified for transcription fluctuations. Each

cell is represented with a different color/symbol (legend on the right). (e) Exemplary cell with periods of

active and inactive transcription showing a control position (p1) near the transcription site, n=13 out of 20

cells. (f) Normalized intensity over time-target at an off-target position near the transcription site (p1; CTD-

RNAP2, dashed red; Ser5ph-RNAP2 dashed green; mRNA, dashed blue) versus the mRNA signal at the

transcription site (blue diamonds). (g) Covariance calculation between the normalized intensities of mRNA

at the transcription site against CTD-RNAP2 or Ser5ph-RNAP2 at the transcription site and at p1. Data are

presented as mean values ± S.E.M. n=number of cells/number of independent experiments. (h) Ratiometric

distribution of the euclidean distances for CTD-RNAP2 and mRNA to Ser5ph-RNAP2 and mRNA (light

blue), CTD-RNAP2 and mRNA to Ser5ph-RNAP2 and CTD-RNAP2 (light purple), and Ser5ph-RNAP2

and mRNA to Ser5ph-RNAP2 and CTD-RNAP2 (light orange) in all the cells analyzed. The line in the

middle of each box represents the mean. The top and the bottom of the box represent the 75% and 25%

quantiles, respectively. The middle region in the error bar at the bottom and the top represent the lower

and upper whiskers, respectively. n=number of events/number of cells. Significance was tested using a

two-tailed Mann-Whitney U-test with p≤ 0.05 (*), p≤ 0.0015 (**), and p≤ 9.2091×10−4 (***).

transcription cycle. One thing that stood out was that peaks and troughs in the mRNA signal

tended to come after the peaks and troughs in the RNAP2 signals. Although there were some

exceptions due to the stochasticity of the system, in some cells this behavior was seen multiple

times in even single time series (for example, see valleys at t1-4 = 16, 75, 94, and 113 min in

Fig. 3.5b, c). To better quantify this effect, we selected all events at which the mRNA signal

dropped below a threshold value, extracted all three signal channels from seven minutes before to

seven minutes after each event, and aligned all signals relative to these mRNA minima event times

(Fig. 3.5d). This analysis revealed two important aspects of the dynamics of our system. First, the

analysis confirmed the signals were strongly correlated since strong minima could be observed in

all channels. These minima were significant compared to the results from unaligned signals (gray

diamonds in Fig. 3.5d, p values of 1.72 x 10-10 for Ser5ph- and 6.39 x 10-4 for CTD-RNAP2). Such

strong correlation between mRNA production at the HIV-1 reporter and endogenous RNAP2 would

suggest the reporter is not part of a larger transcriptional unit containing multiple genes. Second,

the analysis indicated a temporal ordering, with both RNAP2 signals coming before mRNA by

0.96 +− 0.55 min for CTD-RNAP2 (p value 3.65 x 10-3) and 0.88 +− 0.24 min for Ser5ph-
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RNAP2 (p value 1.28 x 10-5). This delay makes sense because RNAP2 must escape the promoter

and elongate 0.7 kb before it reaches the MS2 repeats. The CTD-RNAP2 signal also slightly

preceded the Ser5ph-RNAP2 signal, although the delay was not significant at our sampling rate.

This suggests nearly all RNAP2 at the locus either come in pre-phosphorylated or are rapidly

phosphorylated at Serine 5 within a minute of arrival.

Figure 3.5: Caption on next page.
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Figure 3.5: Spatiotemporal organization of the RNAP2 CTD cycle at the HIV-1 reporter gene. A)

Sample cell showing co-localization of CTD-RNAP2, Ser5ph-RNAP2, and mRNA signals at the transcrip-

tion site (TS), n = 13 out of 20 cells. B) The TS from (A) at select times. C) Normalized intensity fluctuations

at the TS for CTD-RNAP2 (red circles), Ser5ph-RNAP2 (green squares), and mRNA (blue diamonds) vs.

time. Times of minimal mRNA (less than 0.20 arb. units) are marked with dashed gray lines (t1-4). D) The

average normalized intensity of each signal surrounding times of minimal mRNA. Both the Ser5ph-RNAP2

and CTD-RNAP2 signals have deep minima well below the steady-state value (dashed horizontal line).

Solid connecting lines show the Gaussian fit, and solid vertical lines mark the minima with a lighter shadow

depicting the S.E.M. from the Gaussian fit. n = 40 events from 13 of 20 cells. Data are presented as mean

values +− S.E.M. When the same analysis is performed at 100 random time points, no obvious minima are

seen (gray diamonds). E) Cropped 50-frame (50 min total) moving-average image of the TS in (A) and the

fitted center position for mRNA (blue), Ser5ph- (green), and CTD-RNAP2 (red), n = 126 events from 13

of 20 cells. F) 50-frame moving-average XY position of each signal at the TS in (A) over time. Note the

mRNA signal was used as the reference signal within the crop. G) The distance between each signal in (F)

over time: Ser5ph-RNAP2 to mRNA (cyan circles; (1)), CTD-RNAP2 to mRNA (Purple squares; (2)), and

Ser5ph-RNAP2 to CTD-RNAP2 (orange diamonds; (3)). H) The distribution of distances measured as in

(G) at all TSs in all cells analyzed (sampled every 10 min). The line in the middle of each box represents

the mean. The top and the bottom of the box represent the 75% and 25% quantiles, respectively. The middle

region in the error bar at the bottom and the top represent the lower and upper whiskers, respectively. Sig-

nificance was tested using a two-tailed Mann-Whitney U test with p≤0.0315 (*) and p≤6.969 x 10-11(***).

Spatial organization of CTD phosphorylation at the reporter gene

RNAP2 is thought to be organized in phosphorylation-dependent clusters [129, 127]. To test

this hypothesis, we measured the center position in X and Y of CTD-RNAP2, Ser5ph-RNAP2,

and mRNA at the reporter gene over time (Fig. 3.5e-g). If the hypothesis is correct, we would

expect to see some spatial separation in our different RNAP2 and mRNA signals. To confirm

this hypothesis, we calculated the Euclidean distance between each pair of signals. As Fig. 3.5g

illustrates, the distances between signals changed over time but were spatially organized such that

the RNAP2 signals were significantly separated from mRNA.

Although there was considerable variation from cell to cell, this trend could be seen in the me-

dian positions from the whole population of transcription sites we tracked (Fig. 3.5h). Specifically,

the median distance from mRNA to CTD-RNAP2 was ∼181 nm compared to ∼148 nm for Ser5ph-

RNAP2 (p value 0.032). Likewise, the median distance between the two forms of RNAP2 was just

∼ 93 nm, significantly smaller than between either form of RNAP2 and mRNA (p value < 6.97

× 10-11) (Fig. 3.5h and Supplementary Fig. 3.4h). This spatial separation was consistent across
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the cells we analyzed (Supplementary Fig. 3.6) and independent of the strength of transcription

as gauged by CTD-RNAP2, Ser5ph-RNAP2, and mRNA signal intensities. Together these results

demonstrate that RNAP2 is spatially organized within the transcription site, with active mRNA

synthesis spatially distinct from clusters of CTD-RNAP2 and Ser5ph-RNAP2.

Fluctuation dynamics and statistics are captured by a simple model of transcription burst-

ing

We wanted to obtain a more universal picture of RNAP2 phosphorylation dynamics at the HIV-

1 reporter gene. We therefore performed correlation analysis [56, 82, 76] using all time points in

all time series, similar to fluorescence correlation spectroscopy [148]. This technique is ideal for

extracting information from noisy data provided there are a sufficient number of time series and/or

time points. We began with an auto-correlation analysis, to see how long each signal remains

correlated with itself given a lag time (τ ) (Fig. 3.7a). The auto-correlation of each signal decays

with increasing lag time and eventually flattens out near zero. We define the dwell time as the lag

time at which the auto-correlation falls below 20% of its initial zero-lag value. According to this

analysis, the two forms of RNAP2 had shorter average dwell times than mRNA, indicating RNAP2

was often unsuccessful in reaching the end of the gene and synthesizing an mRNA.

Next, we calculated the cross-correlation between signals. Consistent with our previous anal-

ysis aligning local minima, all possible pairs of signals were strongly correlated, as seen by large

peaks in the cross-correlation curves near τ = 0 (Fig. 3.7b). Measuring the precise position of

each peak revealed the mRNA signal came substantially later than the CTD-RNAP2 and Ser5ph-

RNAP2 signals, while the CTD-RNAP2 and Ser5ph-RNAP2 signals appeared at roughly the same

time (within the 1 min sampling time of experiments). To better resolve the time delay between

the CTD-RNAP2 and Ser5ph-RNAP2 signals, we re-imaged the HIV-1 TS in a single plane at

a much faster frame rate (150 msec/frame) for a total of 1000 time points (150 sec). Although

these higher temporal resolution experiments are much too short to capture the full auto- and

cross-correlation curves, they are sufficient to resolve the short time-lag dynamics (Supplementary

Fig. 3.14), and they revealed cross-correlation asymmetry with an off-center peak indicating that
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the Ser5ph-RNAP2 signal comes roughly 3-6 sec after the CTD-RNAP2 signal. The various de-

lays we measure are consistent with the temporal ordering we saw by aligning local minima of the

mRNA signal (Fig. 3.5d) and provide further evidence that RNAP2 phosphorylation at Serine 5 is

very rapid at the transcription site.

We next sought to find a quantitative model to unify our diverse data sets (Fig. 3.7c). We

required that our model must simultaneously fit all three auto-correlation curves (Fig. 3.7a) and
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Figure 3.6: Caption on next page.
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Figure 3.6: Euclidean distances distribution versus mRNA, Ser5ph-RNAP2, and CTD-RNAP2 nor-

malized intensities. Euclidean distance between Ser5ph-RNAP2 and mRNA (left panel), CTD-RNAP2 and

mRNA (middle panel), and Ser5ph-RNAP2 and CTD-RNAP2 (right panel) versus the normalized intensities

of (a) mRNA, (b) Ser5ph-RNAP2, and (c) CTD-RNAP2 for all the cells analyzed. Each cell corresponds to

one color. n=number of cells/number of independent experiments. Correlation coefficient (r) and p-values

(p) as, p≤ 0.05 (*), p≤ 0.01 (**), and p≤ 0.001 (***) were calculated using the “corrcoef” function in

MATLAB.

all three cross-correlation curves (Fig. 3.7b). To further constrain the model, we also counted

mRNA at transcription sites by comparing their intensities to single mature mRNAs using FISH-

quant [149] (Fig. 3.7d, bottom). Consistent with an earlier report [138], we found the HIV-1

reporter contained an average of µ = 15.5 mRNA with a relatively large standard deviation of σ =

10.55 and Fano Factor of σ2/µ = 7.1.

To unify our data, we posed several models with different levels of complexity (Supplementary

Fig. 3.8). Each model considered a promoter with bursty expression. This was represented by

specifying distinct active (ON) and inactive (OFF) promoter states with OFF-to-ON and ON-to-

OFF transitions rates kon and koff , respectively. When the promoter is ON, RNAP2 is recruited at a

rate kr [40]. Upon fitting these models to our data, the fitted burst duration was much shorter than

the 1-min experimental sampling time (i.e., koff ≪ 1 min). This allowed us to simplify the model

to one with burst frequency ω = 1/(1/kon + 1/koff) ≈ 1/kon and geometrically distributed bursts

with average size β = kr/koff [41]. In all models that fit our data, RNAP2 could unsuccessfully

depart the promoter at rate kab or escape at rate kesc. After the escape, the RNAP2 would complete

transcription at a combined rate kc that includes both elongation and processing.

In the minimal model that matched all data, CTD-RNAP2 were immediately phosphorylated

upon arrival at the promoter, which was consistent with the rapid (≪ 1 min) Serine 5 phos-

phorylation we observed (Supplementary Fig. 3.14). We also explored several more compli-

cated models with separate steps for initiation, elongation, and processing, post-transcriptional

mRNA retention [150], or with separate events describing Serine phosphorylation/initiation and

de-phosphorylation/abortion (Supplementary Fig. 3.8). Each model was fit separately to maximize

the likelihood for all observed data, but the inclusion of additional mechanisms and free parameters
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provided only marginal improvements to the overall fit and resulted in much larger parameter un-

certainties. Therefore, we used the Bayesian Information Criteria (BIC) to select our final model as

the best choice given our available data (See tables in Supplementary Fig. 3.8). By simultaneously

fitting all six correlation plots (Fig. 3.7a, b) as well as the nascent mRNA means and variances, we

could estimate the best model’s five parameters with excellent precision (Supplementary Fig. 3.9).

Figure 3.7: Caption on next page.
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Figure 3.7: Fluorescence auto- and cross-correlations at the HIV-1 reporter gene are well fit by a uni-

fying model of transcription. A, B) Measured and modeled (A) auto-correlation functions AC(τ)/ ¯G(0)
for each signal: CTD-RNAP2 (red circles), Ser5ph-RNAP2 (green squares), and mRNA (blue diamonds).

Dwell time is defined as the time at which the autocovariance dropped below 20% of its zero-lag value

(vertical full lines). Dwell time uncertainty is estimated from the model using the standard deviation from

400 simulated data sets, each with 20 cells over 200 min with 1 min simulation resolution (vertical dashed

lines). B) Cross-correlation function CC(τ)/ ¯G(0) between signal pairs: Ser5ph-RNAP2 and CTD-RNAP2

(cyan squares), mRNA and CTD-RNAP2 (orange circles), and mRNA and Ser5ph-RNAP2 (purple dia-

monds) at the transcription site. Model Maximum Likelihood Estimate (MLE) fit in black and sampled

uncertainty in gray. C) A simple model to capture RNAP2 fluctuation dynamics at the HIV-1 reporter gene.

RNAP2 enters the transcription cluster with an average geometric burst with average burst size, β, and burst

frequency, ω. Phosphorylation of Serine 5 is assumed to be fast (≪1 min) and/or the RNAP2 enters in a

pre-phosphorylated form. RNAP2 can be lost from the cluster with rate kab or escape with rate kesc. RNAP2

completes transcription with rate kc. D) Probability distributions for CTD-RNAP2 and Ser5ph-RNAP2 (ar-

bitrary units of fluorescence), and mRNA (units of mature mRNA) for experimental data (purple) and model

MLE predictions (green). E) MLE parameters and 95% confidence interval (CI) range. Statistics presented

for the data are the sample means +− S.E.M. n=number of cells/number of independent experiments (20/8).

F) Simulated trajectory (with shot noise equal to that of experiments) of CTD-RNAP2 (red), Ser5ph-RNAP2

(green), and mRNA (blue) intensities normalized to have a 95 percentile of unity.

The best-fit parameter values and their uncertainties are provided in Fig. 3.7e. According to the

best fit, bursts of RNAP2 occur on average every 1/ω ≈ 2.3 min and have an average size of about

β ≈ 15 molecules per burst. Of the RNAP2 that arrive at the promoter, a substantial fraction f

= kesc/(kesc + kab) ≈ 0.46 escape the promoter and complete transcription, leading to convoys20

of about f · β approx 7 RNAP2 per burst. Each mRNA takes an average of 1/kc ≈ 5 min to

complete elongation and processing, meaning that on average the HIV-1 reporter contains mRNA

originating from ω/kc ≈ 2 consecutive bursts. Overall, the model predicts that there is an average

of ∼20 RNAP2 on the gene in steady-state, with an average of ∼5 in the cluster near the promoter

in an unphosphorylated or Ser5ph form, and ∼15 elongating or processing near the end of the gene

(see Table 1). This average picture is somewhat misleading, however, as the number of RNAP2

within the cluster fluctuates dramatically due to randomly timed bursts. According to our simula-

tions, there are periods when as many as ∼90 RNAP2 come in at a time interspersed by brief and

random silent periods of low RNAP2 occupancy (Supplementary Fig. 3.12a).

After fitting the model to capture the auto- and cross-correlation functions and the mean and

variance of the mRNA distribution, we verified that it also correctly predicted the full probabil-
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Figure 3.8: Transcription models considered for model selection Right column table shows MLE fit

parameters for each model.
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Figure 3.9: Parameter sensitivity analysis. Metropolis-Hastings algorithm was run to determine posterior

uncertainty of model parameters given the experimental data. Plots on the diagonal show the marginal

posterior parameter distributions for each parameter (MLE parameter estimate denoted by red dashed line)

and off-diagonal plots show the joint posterior parameter distributions for all pairs of parameters (MLE

parameter combination denoted by black marker. Colors denote log-likelihood value; an upper bound of

the 0.5% highest log-likelihoods was selected for coloring purposes. Any log-likelihood’s color above this

threshold was set to that bound). A proposal distribution of a 5 dimensional Gaussian with a standard

deviation of 3% of MLE parameters was used. 20 individual chains of 250000 with a thinning rate of 20

(100 million) were used to generate the posterior distributions. 40000 points of the posterior are displayed

in the figure.

ity distributions for the number of nascent mRNA molecules and RNAP2 signal intensities at

the HIV-1 transcription site (Fig. 3.7d). We also simulated normalized intensities including shot

noise (Fig. 3.7f), and these look similar to our measured trajectories (Fig. 3.5c). The shot noise

was estimated directly from the experiments by comparing the observed zero-lag covariance G(0)

compared to an estimate for the zero-lag autocovariance found by interpolation from the short, but

nonzero time lags. These shot noise standard deviations were found to be 1.98×, 1.42×, and 0.41×
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of the standard deviation for CTD, Ser5ph, and MS2 signals, respectively. Finally, we simulated

ChIP data for our single-gene reporter (Supplementary Fig. 3.12b, c). To do this, we assumed an

elongation rate of 4.1 kb/min (measured previously at this locus by analyzing the MS2 stochas-

tic fluorescence fluctuations [138]) and processing rate of 0.27 min1 (so elongation and processing

times sum to our fitted 1/kc completion time). With these rates, the CTD/Ser5ph-RNAP2 simulated

ChIP signals from active genes displayed strong peaks at the beginning and end of the gene, as we

observed in Fig. 3.1b (compare to Supplementary Fig. 3.12b, c). Overall, the excellent match be-

tween data and simulations indicates our best-fit model faithfully captures transcription dynamics

at the HIV-1 reporter. To facilitate further exploration of our model, we provide a graphical user

interface (GUI) [https://doi.org/10.5281/zenodo.4631141]. The GUI allows ex-

ploration of how each model parameter affects model predictions, including trajectories, auto- and

cross-correlations, distributions of spot intensities, simulated ChIP data, and several derived quan-

tities to describe the CTD-RNAP2, Ser5ph-RNAP2, and mRNA burst dynamics (Supplementary

Fig. 3.10).

Additional computational modeling details2

Six total models were considered for model selection. The first two models were selected to

be negative controls and simpler than our favored model. If model selection selected the two sim-

pler models, we could not be confident in our chosen model to have predictive power on its added

mechanisms vs the simpler bursting models. First two simpler models are shown in Fig. 3.8, each

does not distinguish between Ser5 phosphorylation state, that is to say, polymerases arrive already

phosphorylated on Ser5. For more complicated models, we were interested in three phenomena:

Do RNAP2s dwell within the model for some time repeatedly gaining and losing Ser5ph, con-

stantly initiating and aborting near the promoter? Do RNAP2s arrive unphosphorylated and then

gain Ser5? with some time delay? Were mRNAs residing with a residence time post transcription-

ally for some processing? Each of these questions corresponds to the fractional phosphorylation

2The following subsection is added from supplemental information and expanded upon from the original publication.
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a

b

Figure 3.10: Graphical User Interface (GUI) for the transcription model. To facilitate the simulation of

transcription dynamics at a single-copy gene, the model described in the main text has been incorporated into

a MATLAB toolbox. (a) This graphical user interface (GUI) is divided into eight upper tabs, and input boxes

for specification kinetic parameters. The GUI allows the simulation of intensity trajectories in each channel.

(b) Sample display of simulated intensities normalized to the 95th percentile and running averaged with a

window of three time points. The GUI also allows for display of auto-, cross-correlations, predicted minima

from the experimental data previously loaded, prediction of ChIP distributions, and perturbed intensity

trajectories by blocking different steps of transcription in the model.
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model, the phosphorylation model, and the mRNA retention model shown in Fig. 3.8. The simpler

models were readily discarded by the Bayes Information Criterion (BIC), with almost double the

value of the chosen model’s MLE parameters. The more complicated models had only slightly

worse BICs, indicating that there was not enough evidence in the data to support these models

but only just barely. This indicated that some of these mechanisms may be present but more data

would need to be collected; We thought it likely that there is a rate for RNAP2 to get Ser5ph, but

that its timescale was much faster than the data collection timescale of a minute. Ultimately this

informed us to perform the fast imaging experiment in Fig. 3.14 which revealed a likely delay of

3-6 seconds to obtain Ser5ph making the phosphorylation model more likely. However, this new

data wasn’t used for a new round of model selection but can be performed in the future.

Our model also suggested two future experiments: Collecting a Larger perturbation could help

verify our model predictions and allow us to validate our model further than the cursory empirical

comparison we did above in Fig. 3.13, and performing ChIP experiments to validate our model’s

predictions in Fig. 3.12

Inhibiting distinct steps of the transcription cycle provides further evidence for the spa-

tiotemporal organization of RNAP2 phosphorylation

So far, our collective data and modeling suggest a precise temporal ordering of transcription

dynamics, beginning with the recruitment of CTD-RNAP2, followed by rapid initiation in 3-6 s (in-

dicated by Ser5ph-RNAP2), and promoter escape and elongation within another minute or so (in-

dicated by mRNA). Our data also provide evidence of heterogeneity in the distribution of RNAP2

along the gene, with high concentrations near the beginning and end of the gene (Fig. 3.1b). To

further test our system, we perturbed it by adding three different transcription inhibitors: Triptolide

(TPL), THZ1, and Flavopiridol (Flav) (Fig. 3.11). We began by inhibiting the earliest steps in the

transcription cycle to attempt to prevent the formation of the RNAP2 cluster. To achieve this we

added TPL, a small-molecule inhibitor that prevents promoter DNA opening and transcription ini-

tiation by inhibiting the DNA-dependent ATPase activity of the XPB subunit of TFIIH [124, 151].

TPL has also been shown to induce RNAP2 degradation on the hours timescale [152], so we im-
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aged for just 30 consecutive minutes to focus on the more immediate impact of TFIIH inhibition.

The addition of 5 µM TPL led to a rapid and dramatic loss of both mRNA and all RNAP2 signals

at the TS within just ∼10 min (Fig. 3.11a-d, and Supplementary Movie 2 (available online)). Con-

sistent with our previous findings, we observed a temporal ordering in the TPL-induced run-off of

RNAP2 (Fig. 3.11c), with CTD-RNAP2 signals dropping earlier than Ser5ph-RNAP2, followed

by mRNA. This ordering was observed in seven out of ten single cells we measured. Of these, four

exhibited clear separation between the three traces (inset in Fig. 3.11c). Since steps that are later in

the CTD cycle necessarily take longer to respond to drugs, this ordering provides further evidence

that CTD-RNAP2 slightly precedes Ser5ph-RNAP2 by less than a minute, and that both RNAP2

signals come significantly earlier than mRNA. These data also demonstrate that the opening of

promoter DNA by XPB is a requirement for the formation of RNAP2 clusters. This can work by at

least two mechanisms: (1) All the Ser5ph-RNAP2 underwent initiation and abortion, but RNAP2

kept its Serine 5 phosphorylation; (2) Initiation of the first RNAP2 activates CDK7, which can

phosphorylate many RNAP2 within the cluster.

We next used THZ1, which inhibits RNAP2 CTD phosphorylation at Serine 5 by targeting

the TFIIH kinase CDK7, thereby preventing promoter pausing, mRNA capping, and productive

elongation [124, 137, 153]. In contrast to TPL, THZ1 has a slower action, so a higher concentration

and longer exposure to this drug were needed to see an effect in real-time. Treatment with 15 µM

THZ1 led to a reduction in the mRNA signal at the HIV-1 reporter within 25 min (Fig. 3.11e).

Likewise, both CTD-RNAP2 and Ser5ph-RNAP2 levels were on average reduced. Interestingly,

in some single cells, we observed large, temporally ordered bursts in the levels of CTD-RNAP2

and Ser5ph-RNAP2, despite continued inhibition and overall loss of mRNA. These large bursts

could even achieve RNAP2 levels that were as high as pretreatment levels (the thicker black curve

in Fig. 3.11e highlights one example). Presumably, these bursts occur because there is residual

TFIIH left in the cell that are not yet inhibited by THZ1, or because recently aborted RNAP2

retain their Ser5ph within the cluster. Since mRNA levels did not burst to the same degree, we

conclude the bursts arise from clusters of RNAP2 near the promoter that initiate but fail to escape.
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These transient clusters near the beginning of the gene are consistent with the high concentration

of RNAP2 near the promoter we observed by ChIP (Fig. 3.1b) and are also consistent with the

ChIP predictions of our best-fit model (Supplementary Fig. 3.12b, c).

We next blocked a later step in the transcription cycle using 1 µM Flav, a drug that prevents

transcription elongation and RNAP2 CTD phosphorylation at Serine 2 by inhibiting the CDK9 ac-

tivity of P-TEFb [137, 154]. Like THZ1, Flav also reduced the intensity of the mRNA signal, this

time within ∼15 min (Fig. 3.11f). However, CTD-RNAP2 and Ser5ph-RNAP2 signals remained

relatively unchanged, exhibiting large fluctuations and a slight overall reduction on average. This

difference from THZ1 can be attributed to the later action of Flav in the transcription cycle. The

high levels of CTD-RNAP2 and Ser5ph-RNAP2 signals that remained post-Flav again support a

dynamic clustering model [124, 125, 129, 127, 128] in which most RNAP2 are already phospho-

rylated at Serine 5 and presumably make repeated attempts at initiation and promoter escape.

Finally, we attempted to qualitatively recapitulate these perturbations using our best-fit model.

To do so, we evaluated several hypothetical mechanisms in which transcription is inhibited by re-

ducing one or more of the rates, including burst statistics (ω or β), the promoter escape rate kesc, or

the completion rate kc. According to simulations, inhibiting earlier steps (ω or β) in the transcrip-

tion cycle led to the sequential loss of all RNAP2 and mRNA signals at the transcription site at a

rate governed by the time scale of mRNA elongation and processing (Supplementary Fig. 3.13a),

reminiscent of our TPL experiments. In contrast, inhibiting a later step (kesc), led to a retention

of large numbers of RNAP2 in the cluster that undergoes relatively large and rapidly changing

fluctuations (Supplementary Fig. 3.13b), reminiscent of our THZ1 experiments. Blocking (kesc)

and reducing kc by 30% led to a slight reduction in the mRNA signal and even less decrease in the

RNAP2 signals with relatively large fluctuations (Supplementary Fig. 3.13c), reminiscent of our

Flav experiments. We also blocked bursts (either ω or β) and reduced kc by 30% and obtained an

overall reduction of all the signals (Supplementary Fig. 3.13d) that do not represent any of the in-

hibitors tested here. The similarity between these simulations and our experimental perturbations
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provides further support for our model and also provides evidence that the tested inhibitors act on

distinct stages of the RNAP2 transcription cycle.

Figure 3.11: Caption on next page.
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Figure 3.11: Intensity fluctuations of CTD-RNAP2, Ser5ph-RNAP2, and mRNA in the presence of

transcription inhibitors. A) Sample cell before the addition of Triptolide (TPL). The transcription site

(TS) is shown in the dotted box, and the inset shows a zoom-in (n = 10/4). B) The TS from (A) at all times

before and after the addition of TPL. C) Normalized average TS intensity over time of all the quantified

cells for CTD-RNAP2 (red circles), Ser5ph-RNAP2 (green squares), and mRNA (blue diamonds) before

and after application of TPL (vertical dashed line). The inset shows the signals in a representative cell.

Data are presented as mean values +− S.E.M. Significance was tested using a two-tailed Mann-Whitney

U test with p≤0.05 (*) and p≤0.01 (**). D-F) Normalized intensity signals after application of various

transcription inhibitors, including d TPL (5 µM), E) THZ1 (15 µM), and F Flavopiridol (Flav, 1 µM) for

all the cells analyzed. Signals highlighted in black correspond to a sample single cell, the colored shadow

and the full line in the middle of it correspond to the S.E.M. and the mean in each channel, respectively.

The vertical gray dashed line in (E) highlights the time point at which a burst of RNAP2 is observed in the

sample cell in the presence of THZ1. n = number of cells/number of independent experiments.

3.1.4 Conclusion

In this study, we measured the dynamics of the RNAP2 CTD transcription cycle at the single-

gene level in living cells. By combining complementary antibody-based imaging probes with

multi-color single-molecule microscopy and computational modeling, we were able to detect or-

ganization in both the temporal ordering and spatial distribution of endogenous RNAP2 phospho-

rylation along a single HIV-1 reporter gene.

We find that a large number of RNAP2 at the HIV-1 transcription site are clustered around the

promoter in a region that is spatially distinct from elongating RNAP2 and mRNA synthesis (as

depicted in Fig. 3.15). This spatial organization supports the notion of dynamic RNAP2 clusters

that form transcriptional hubs [155] or factories [156, 157] that contain high concentrations of the

transcription machinery. In steady-state, we estimate there is an average of ∼20 RNAP2 at the HIV-

1 gene. This total number of RNAP2 is in between recent estimates of ∼80 RNAP26 clustered at

the constitutively expressed beta-actin locus, ∼17 RNAP2 at an exogenous mini-gene [136], and

∼7.5 RNAP2 at the Pou5f1 locus [136]. Of the ∼20 RNAP2 at our HIV-1 reporter gene, we

estimate on average ∼5 are at or near the promoter, awaiting initiation or promoter escape. During

frequent bursts, however, this number can dramatically increase to as high as 90 RNAP2, with

most either coming in with Serine 5 phosphorylation or rapidly acquiring Serine 5 phosphorylation

within seconds (Supplementary Fig. 3.14). Given the limited amount of space at the promoter, it
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is hard to imagine all of these RNAP2 are promoter bound. Instead, we believe many are unbound

and collectively this fraction helps form the transcription cluster, which remains spatially distinct

from mRNA synthesis.
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Figure 3.12: Simulated trajectories and ChIP predictions (a) Stochastic simulation for the number of

nascent mRNA per transcription site (blue line), total number of RNAP2 at transcription site (red line), and

number of RNAP2 in cluster near transcription site promoter (red shading). Periods with ≥ 10 RNAP2

at the transcription site cluster (gray shading) are classified as ‘ON’ (14.0% of total time); periods with

no RNAP2 at the cluster are classified as ‘OFF’ (42.9% of time); and periods with intermediate levels of

RNAP2 in the cluster are classified as ‘transient’ (43.1% of time). Note that for clarity these simulations do

no include the experimental shot noise used to simulate actual measurements (as in Fig. 3.7f, for example).

(b) Simulated ChIP data as predicted using the model for: (Top; Strong Activity) average spot during an

ON period; (Middle; Medium Activity) average spot during a transient period; and (Bottom; Low Activity)

average spot during an OFF period. Each stochastic simulation was run for 120,000 min and sampled at 40

min intervals to ensure de-correlated points. To estimate RNAP2 loading at the inner bins, an elongation

rate of 4.1 kb/min was assumed and used to get the fraction of time spent elongating versus processing of

the total RNAP2 residence time. This fraction of elongation time was then distributed from the final bin

uniformly to the middle bins and is represented by the middle numbers of bins Pt3-8. (c) Average simulated

RNAP2 ChIP over all times including all ON, OFF and transient periods.

A major unresolved question is how RNAP2 is retained in clusters. One possibility is that

RNAP2 is trapped by repeated interactions with other transcription machinery in the region. Alter-

natively, clusters could represent phosphorylation-dependent condensates. As others have recently

shown, phase separation can be driven by phosphorylation of the unstructured RNAP2 CTD [129]

and by the histidine-rich tail of P-TEFb [127]. Since Tat directly interacts with P-TEFb [144, 158],

it could enhance RNAP2 recruitment and clustering at the HIV-1 reporter gene.

One possible advantage of the cluster is it retains recently aborted RNAP2 near the transcription

start site so they can rapidly re-initiate. This follows from our rapid imaging experiments, which

indicate initiation is very rapid (3-6 s; Supplementary Fig. 3.14) compared to promoter escape

(fitted 1/kesc 1.5 min). The distinct timescales imply two hypotheses: First, most promoter escape

attempts fail. This is consistent with earlier measurements based on FRAP that demonstrated

successful promoter escape is a rare event [137, 159]. Second, a large fraction of RNAP2 in

the cluster are inactive at any given time [125, 160]. Such a large fraction of inactive RNAP2

could arise from recently aborted molecules that retain their Ser5ph. Evidence for the retention of

Ser5ph on RNAP2 after transcription abortion was seen in an earlier study [137], where Ser5ph-

RNAP2 was detected in the soluble fraction of cells after transcription was globally inhibited via

flavopiridol. The retention of RNAP2 also helps explain our model prediction that nearly half
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Figure 3.13: Predicted CTD/Ser5ph-RNAP2, and mRNA signals after perturbing different steps in

the mathematical model. Simulated molecule counts for CTD/Ser5ph-RNAP2 (red, upper panels), and

mRNA (blue, bottom panels) after blocking: (a) β or ω, (b) kesc, (c) kesc and 30% kc, and (d) β or ω
and 30% kc, and their respective analytical solution in each plot (black curve). Simulated trajectories with

mRNA molecule counts above the analytical solution at time of inhibition are shown with colored lines.

This was done to simulate the experimental procedure of choosing transcription sites at the beginning of an

experiment where all three signals could be seen. Blocking is defined as multiplying the best fit parameter

by 0.01 (99% reduction), similarly blocking 30% refers to multiplying the best fit parameter by 0.3 (70%

reduction). For blocking β and ω, koff was defined by setting koff to 1000, effectively turning off bursting

dynamics.)

of the RNAP2 in the cluster (kesc/(kesc + kab) ∼46%) eventually does escape the promoter and

produce a full-length transcript. Thus, local recycling of transcription machinery within clusters

may play a role in HIV-1 biogenesis, where Tat expression provides a positive feedback loop to

amplify transcription and facilitate the rapid production of viral proteins in host cells [161].

While the overall efficiency of transcription is relatively high at the HIV-1 reporter gene com-

pared to other genes studied, the various kinetic rates we quantified are fairly consistent with

earlier work. In particular, we found RNAP2 takes around five minutes to complete transcription

after promoter escape (1/kc in Fig. 3.7). This places an upper bound on the RNAP2 elongation

and processing time. If we constrain the elongation rate to be 4.1 kb/min [138] (∼1 min for the
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Figure 3.14: Fast-imaging experiments revealed a 3-6 sec time delay between CTD-RNAP2 and

Ser5ph-RNAP2. (a) (Left) Exemplary cell for fast imaging (150 msec/frame) for a total of 1000 time

points (150 sec) in a single plane. Two positions are highlighted: the HIV-1 TS and a control nonspecific

spot. (Center) Crops showing the CTD- (red), Ser5ph-RNAP2 (green), and MS2 mRNA (black) signals at

the TS and control positions within the exemplary cell. (Right) Normalized intensity at the TS (bottom) and

control (top) positions over time from the exemplary cell for CTD-RNAP2 (red), Ser5ph-RNAP2 (green).

(b) Measured cross-correlation function CC(τ ) between CTD-RNAP2 and Ser5ph-RNAP2 at the TS (or-

ange circles) and control (gray circles) positions separated by experimental day. The inset shows a 50-frame

rolling average to more easily identify the peak time delay between the two signals. In both cases, the cross-

correlation peaks at a lag time of roughly 3-6 seconds.

full gene), then we can assign the remaining time (∼4 min) to RNA processing at the 3’ ends.

Under these conditions, the model predicts a build-up in RNAP2 at the 3’ end of the gene be-

cause processing takes longer than elongation. This buildup is consistent with our ChIP data in

Fig. 3.1b. The estimated 4 min processing time is also consistent with an earlier estimate at this

HIV-1 locus [138], although such relatively long processing may not be representative of other

genes. Similarly, the RNAP2 initiation and promoter escape rates we quantified are consistent

with earlier reports, taking between a minute and a few minutes [143, 159]. Finally, we also de-

tected bursts in transcription that result in convoys of RNAP2, as previously reported [138], and

consistent with widespread bursting observed across the genome [40, 162]. The global agreement
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Figure 3.15: Model depicting RNAP2 transcription dynamics in a single-copy gene. During extremely

short (≪1 min) periods of the ON state, RNAP2 is recruited in bursts (∼15 RNAP2) to the HIV-1 reporter

gene, creating transient (∼1 min) clusters of CTD-RNAP2 and Ser5ph-RNAP2 at the gene promoter, and

initiating transcription in RNAP2 convoys (∼7 RNAP2/convoy). The middle of the gene remains mostly

empty due to rapid transcription, while a large number of RNAP2 (∼15) concentrate at the end of the gene

during processing (∼4-5 min). In OFF periods (∼2.3 min), RNAP2 convoys that escaped the promoter

during the ON state quickly elongate and complete transcription. The gene rapidly transitions back to the

OFF state when ON (denoted by arrows). ChIP assays enrich for genes with lots of RNAP2, which will bias

the assay towards genes with RNAP2 clusters near the promoter.

between studies suggests some convergence in the field, particularly given the uniqueness of our

dataset, which is based on fluctuations of both MS221 and RNAP2 Fab signals [143].

The ability to image by fluorescence microscopy endogenous RNAP2 phosphorylation dynam-

ics at single-copy genes now makes it possible to estimate the RNAP2 distributions predicted by

ChIP. ChIP studies of the RNAP2 CTD transcription cycle typically display heterogeneous dis-

tributions of RNAP2 that have distinct peaks of Ser5ph-RNAP2 near the promoter and Ser2ph-

RNAP2 at the ends of genes [121, 123, 131]. However, based on ChIP alone, it is not clear if peaks

represent the distribution of RNAP2 along single genes or instead represent a population of genes.

For example, it could be that half of the genes have Ser5ph-RNAP2 paused at the beginning of
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the gene, while the other half have Ser2ph-RNAP2 being processed near the end of the gene. In

this extreme example, no single gene would have RNAP2 at both ends. According to our best-fit

model, the situation for HIV-1 is not this extreme, but the distribution of RNAP2 does depend

sensitively on the timing of bursts. For example, early in a burst RNAP2 occupancy is heavily

front-loaded, with all or nearly all RNAP2 at or around the promoter in a Serine 5 phosphorylated

form. Since RNAP2 ChIP by design is biased towards genes with high levels of RNAP2 at the

time of assay, genes that have recently burst are likely to be overrepresented in the data (Supple-

mentary Fig. 3.12b, c). As our model demonstrates, soon after a burst, genes tend to have far more

RNAP2 clustered around the promoter than the average gene (which has just five) (Fig. 3.15). Ac-

cording to this interpretation, the large Ser5ph-RNAP2 ChIP peak we observe near the promoter

could arise from rapid and repeated promoter-proximal initiation and/or pausing. Given the nature

of ChIP, it is also possible the peak arises from RNAP2 within clusters that are non-specifically

cross-linked during the fixation step. However, this latter possibility seems unlikely as promoter-

proximal peaks are also observed using techniques that detect and sequence nascent mRNAs, such

as GRO-seq, PRO-seq, and mNET-seq [163]. In the future, it will be interesting to see to what ex-

tent dynamic clustering observed in living cells correlates with promoter-proximal RNAP2 peaks

observed across the genome in populations of fixed cells [164].

Aside from HIV-1, our technology can now be used to examine RNAP2 phosphorylation

dynamics at other single-copy genes. Given the high correlation between MS2 (mRNA) and

RNAP2 (Fabs), in the future MS2 may not even be required. For example, by combining Fab

and CARGO [165], RNAP2 phosphorylation dynamics at an endogenous gene could be visualized

without extensive genome editing. Alternatively, Fab could be combined with other labeling tech-

nologies such as lacO/lacI [166, 167], ROLEX [168], ANCHOR [169], or post-fixation via DNA

FISH [170] or CasFISH [171]. Beyond RNAP2, post-translational modifications to other proteins

involved in transcription could also be studied in this way, including histones [140, 172]. However,

a few important caveats of Fab- or intrabody-based imaging should be kept in mind: First, if Fabs

bind their targets with too low affinity, then there will be a large unbound fraction that will decrease
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signal-to-noise. For the CTD-RNAP2 and Ser5ph-RNAP2 Fab, the bound fraction was determined

to be greater than 80% [143]. Second, if Fabs take too long to bind their targets, then very rapid

processes can be entirely missed or their timescales will appear erroneously slow. According to

FRAP, the vast majority of CTD-RNAP2 and Ser5ph-RNAP Fabs used in this study bind and re-

bind their targets in well under 10 s [143], meaning processes on the seconds time scale can be

discerned, but anything shorter may be missed. Third, if Fabs are too numerous in a cell, they

may compete with one another for binding, and Fab targets could become saturated, both of which

could interfere with the underlying biology. We introduce 1-3 × 106 Fab per cell [139], far less

than the ∼1.5 × 107 RNAP2 heptad repeats [143, 173]. We therefore do not expect Fabs to com-

pete or interfere. Together these three caveats place considerable constraints on experiments, but

they are not prohibitive. With the continued development of Fab [140], scFv [61], and nanobod-

ies [174] for live-cell imaging, finding a suitable intrabody has become significantly easier. We

therefore anticipate our technology will become a valuable tool to study transcription dynamics at

the single-gene level.

3.1.5 Methods

Cell culture

Transcription dynamics experiments were performed in HeLa Flp-in H9 cells (H-128). The

H-128 cell line generation was described previously [138]. Briefly, H-128 cells harbor an HIV-1

reporter gene tagged with an MS2X128 cassette, controlled by Tat expression. The HIV-1 reporter

comprises the 5’ and 3’ long terminal repeats containing the viral promoter, polyA sites, as well as

HIV-1 splice donor (SD1), splice acceptor (SA7), and Rev-responsive element. H-128 cells also

stably express MCP tagged with GFP (MCP-GFP), which binds to MS2 repeats when they are tran-

scribed into mRNA. Cells were maintained in a humidified incubator at 37 degC with 5% CO2 in

Dulbecco’s modified Eagle medium (DMEM, Thermo Fisher Scientific, 11960-044) supplemented

with 10% fetal bovine serum (FBS, Atlas Biologicals), 10 U/mL penicillin/streptomycin (P/S, In-
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vitrogen), 1 mM L-glutamine (L-glut, Invitrogen) and either 400 µg/mL Neomycin (Invitrogen) or

150 µg/mL Hygromycin (Gold Biotechnology).

Chromatin immunoprecipitation and quantitative-polymerase chain reaction (ChIP-qPCR)

ChIP was performed as described previously [175] with minor modifications. Briefly, H-128

cells grown in a 10 cm dish were fixed with 1% PFA in DMEM at room temperature (RT) for

5 min, neutralized in DMEM containing 200 mM glycine for 5 min, and washed with PBS and

NP-40 buffer (10 mM Tris-HCl, pH 8.0, 10 mM NaCl and 0.5% NP-40). Fixed cells were lysed

with 360 µL sodium dodecyl sulfate (SDS) dissolution buffer (50 mM Tris-HCl, pH 8.0, 10 mM

EDTA and 1% SDS) and diluted with 1440 µL ChIP dilution buffer (50 mM Tris-HCl, pH 8.0,

167 mM NaCl, 1.1% Triton 100× and 0.11% sodium deoxycholate), supplemented with a pro-

teinase inhibitor cocktail. After shearing chromatin using a Bioruptor UCD-200 (Diagenode) at

sonications of 40 sec with 50 sec intervals, eight times at high level, the median size of fragmented

DNA was 200 base pairs with a range of 50-500 base pairs. The supernatant, cleared by centrifu-

gation at 20,000×g for 10 min at 4 degC, was diluted with 5.4 mL ChIP dilution buffer and then

incubated with 40 µL sheep anti-mouse IgG magnetic beads pre-incubated with 1 µg mouse anti-

CTD-RNAP2 (MABI 0601), anti-Ser5ph-RNAP2 (MABI 0603), and anti-Ser2ph-RNAP2 (MABI

0602) monoclonal antibodies (Cosmo Bio USA) at 4 degC overnight with rotation. The immune

complexes were washed with low-salt RIPA buffer (50 mM Tris-HCl, pH 8.0, 1 mM EDTA, 150

mM NaCl, 0.1% SDS, 1% Triton 100× and 0.1% sodium deoxycholate), high-salt RIPA buffer

(50 mM Tris-HCl, pH 8.0, 1 mM EDTA, 500 mM NaCl, 0.1% SDS, 1% Triton 100× and 0.1%

sodium deoxycholate) and then washed twice with TE buffer (10 mM Tris-HCl, pH 8.0, and 1 mM

EDTA). DNA was eluted with ChIP elution buffer (10 mM Tris-HCl, pH 8.0, 300 mM NaCl, 5

mM EDTA and 0.5% SDS). After incubation at 65 degC overnight to reverse the cross-links, DNA

was purified by RNase A and proteinase K treatments and recovered using a DNA purification kit

(Qiagen). For ChIP-qPCR, the immunoprecipitated DNA and total DNA were quantified by Power
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SYBR Green PCR Master Mix in an Mx3000P Real-Time qPCR System (Agilent Technologies).

The primers used for qPCR are listed in Supplementary Table 1.

Antigen-binding fragment (Fab) generation and fluorescence conjugation

Fab preparation was performed using the same monoclonal antibodies used in ChIP experi-

ments and the Pierce Mouse IgG1 Fab and F(ab’)2 Preparation Kit (Thermo Scientific), as de-

scribed before [143]. In brief, ficin resin was equilibrated with 25 mM cysteine (in HCl, pH 5.6) to

digest the antibodies (CTD-RNAP2 or Ser5ph-RNAP2) into Fab. The IgG concentration used was

4 mg, and the digestion reaction was incubated for 5 h. Fab and Fc regions were separated using

a Nab Protein A column (Thermo Scientific). Fabs were concentrated up to ∼1 mg/mL using an

Amicon Ultra 0.5 filter (10 k cut-off, Millipore) and conjugated with CF640 or Cy3 (Invitrogen)

dyes. For labeling Fab, 100 µg of purified Fab and 10 µL of 1M NaHCO were mixed to a final vol-

ume of 100 µL, then 2 µL of CF640 or 2.66 µL of Cy3 was added, and the mixture was incubated

at RT for 2 h in a rotator protected from the light. The labeled Fab sample was passed through

a PD-mini G-25 desalting column (GE Health care), previously equilibrated with PBS, to remove

unconjugated Fab, and then the dye-conjugated Fab was concentrated up to ∼ 1 mg/mL with an

Amicon Ultra filter 0.5 (10 k cut-off). The degree of labeling (DOL) was calculated using Eq. 3.1,

where ϵIgG and ϵdye are the extinction coefficients of IgG at 280 nm and the dye (provided by the

manufacturer), AFab and Adye are the absorbances determined at 280 and 650 or 550 nm, and CF

is the correction factor for the dye at 280 nm (provided by the manufacturer). In this study, only

Fabs with a DOL between 0.75 and 1 were used for live-imaging experiments.

DOL =
ϵIgG
ϵdye

∗ 1
Afab

Adye

−1 − CF
(3.1)

Loading fluorescent Fabs into living cells

Cells were cultured in glass-bottom dishes (35 mm, 14 mm glass, Mat-Tek). The next day

dye-conjugated Fabs were loaded into the cells through bead-loading [139, 143, 145, 176, 177], as

follows: First, the fluorescent Fabs (CTD-RNAP2-CF640 and Ser5ph-RNAP2-Cy3, ∼1 mg/mL,
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each) were mixed with PBS up to 4 µL in the cell culture hood. Second, the medium was removed

completely from the dish and stored, and the Fab mixture was added to the center of the dish.

Third, glass beads (106 µm, Sigma-Aldrich, G-4649) were immediately sprinkled on top before

cells dried up and the dish was tapped ∼10 times against the bench. This tapping causes the beads

to roll over cells and induce small tears into which the Fab can diffuse in. Fourth, the stored

medium was quickly added back to the cells, again to prevent cells from drying out. Cells were

then placed in the incubator to recover for 1–2 h. Post-recovery, the glass beads were gently washed

out with phenol red-free DMEM (DMEM-, Thermo Fisher Scientific, 31053-028), and the cells

were stored in DMEM+ medium (DMEM- supplemented with 10% FBS, 10 U/mL P/S, and 1 mM

L-glut) for live-imaging experiments.

Chemicals

The transcription inhibitors, Triptolide (TPL, Sigma Aldrich), Flavopiridol (Flav, Selleck

Chemicals), THZ1, (Selleck Chemicals), fluorescence dyes, Cy3 (Invitrogen), CF640 (Invitrogen),

and HaloTag TMR Ligand (5mM) (Promega) were dissolved in DMSO (Sigma-Aldrich) and stored

at -20 degC until use. RNAP2 inhibitors were added to the DMEM+ medium to reach the desired

final concentration in the cells.

Microscopy

A custom-built widefield fluorescence microscope with highly inclined illumination was used

in all experiments [79, 23]. The microscope has three excitation beams: 488, 561, and 637 nm

solid-state lasers (Vortran) that are coupled and focused on the back focal plane of the objective

(60×, NA 1.48 oil immersion objective, Olympus). The emission signals were split by an imag-

ing grade, ultra-flat dichroic mirror (T6601pxr, Chroma) and detected with two aligned EM-CCD

(iXon Ultra 888, Andor) cameras by focusing with a 300 mm tube lens (generating 100× images

with 130 nm/pixel). Cell chambers were mounted in a stage-top incubator (Okolab) at 37 degC

with 5% CO2 on a piezoelectric stage (PZU-2150, Applied Scientific Instrumentation). The focus

was maintained with the CRISP Autofocus System (CRISP-890, Applied Scientific Instrumenta-
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tion). The cameras, lasers, and piezoelectric stage were synchronized with an Arduino Mega board.

Image acquisition was performed with Micro-Manager software (1.4.22) [119]. Unless otherwise

stated, the imaging size was set to 512 × 512 pixels2 (66.6 × 66.6 µm2), and the exposure time

set to 53.64 msec. The readout time of the cameras from the combination of the imaging size and

the vertical shift speed was 23.36 msec, which resulted in an imaging rate of 13 Hz (77 msec per

image).

For three-color imaging, far-red fluorescence (e.g., CF640 or Alexa Fluor 647) was imaged on

one camera with an emission filter (FF01-731/137/25, Semrock), while red fluorescence (e.g., Cy3

or TMR) and green fluorescence (e.g., GFP) were alternately imaged on the other camera via a

filter wheel (HS-625 HSFW TTL, Finger Lakes Instrumentation) with an emission filter for red

fluorescence (593/46 nm BrightLine, Semrock) and green fluorescence (510/42 nm BrightLine,

Semrock). The filter wheel position was rapidly switched during the 23.36 msec camera read-out

time by the Arduino Mega board. For two-color imaging, far-red fluorescence was simultaneously

imaged on one camera while red or green fluorescence was imaged on the other camera with the

appropriate emission filters.

Immunofluorescence

Cells grown on glass-bottom dishes (35 mm, 14 mm glass, uncoated, Mat-Tek Corporation)

were fixed with 4% Paraformaldehyde (Electron Microscopy Sciences) in 1 M HEPES (Sigma-

Aldrich) with or without 10% Triton 100× (Fisher Scientific) (pH 7.4) for 10 min at RT, and

washed with PBS (3×). Permeabilization (1% Triton 100× in PBS) and blocking (100% block-

ing One-P, Nacalai-USA) were performed individually, for 20 min at RT, gently rocking, and

rinsing with PBS (3×) after each step. The cells were incubated for 2 h at RT with 1 mL of

antibody solution (10% blocking One-P:90% PBS) containing 2 µg/mL of mouse monoclonal

primary antibody (CTD-RNAP2 (MABI 0601), Ser5ph-RNAP2 (MABI 0603), Ser2ph-RNAP2

(MABI 0602), as described in ref. [143] and now available from Cosmo Bio USA, H3K27ac

(MABI0309), H3K27me (MABI0321), H3K4me1–3 (MABI0302-0304), H3K9me2 (MABI0317),

and H3K9me3 (MABI0318), purchased from Cosmo Bio USA). After rinsing with PBS (3×), the
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cells were incubated for 1 h at RT with 1 mL of antibody solution containing 1.5 µg/mL of Alexa

Fluor 647 Donkey Anti-Mouse IgG (Jackson ImmunoResearch) and washed with PBS (3×). Then,

the cells were mounted using Aqua-Poly/Mount (Fischer Scientific) for imaging. Single images

were acquired with laser powers at the back focal plane set to 86 and 51.2 µW for 488 and 637 nm,

respectively.

In addition, to show that CTD- and Ser5ph-RNAP2 Fabs stain cells distinctively, immunostain-

ing using pre-labeled Fabs against CTD-RNAP2-CF640 and Ser5ph-RNAP2-Cy3 was performed.

For this type of experiment, cells were fixed, permeabilized, and blocked as described above, and

then incubated in an antibody solution containing 2 µg/mL of each pre-labeled Fab for 1 h at RT.

Post Fab incubation, cells were rinsed with PBS and mounted in Aqua-Poly/Mount. The images

were collected using the following laser powers at the back focal plane: 123, 750, and 230 µW for

488, 561, and 637 nm, respectively.

Single-molecule experiments using H2B-Halo

Cells were plated in glass-bottom dishes at a seeding density of ∼104 cells/cm2. The next day,

cells were transfected with 2.5 µg of H2B-Halo in a 1:1 (mass) ratio using Lipofectamine LTX

(Thermofisher Scientific, 15338-100). Twenty-four-hour post-transfection, cells were stained with

5 nM Halo-Ligand TMR pretreated with 30 mM NaBH4 for 30 min in the CO2 incubator (Acros

Organics) to reduce the fluorophore and induce stochastic photoblinking in live-cells [178]. After

staining, the cells were washed three times total. Each wash consisted of × mL DMEM-, and 1

mL DMEM+ with a 5-min interval between washes. Cells were imaged immediately after staining

and washing. For this, the imaging size was set to 256 × 256 pixels2 (33.3 × 33 3 µm2), and the

exposure time set to 30 msec. This resulted in an imaging rate of 22.8 Hz (30 msec exposure +

13.86 camera readout = 43.86 msec per frame). Single z-planes were acquired for 10,000 frames

total with laser powers at the objective’s back focal plane set to 125 µW, and 9.93 mW for 488 and

561 nm, respectively. To minimize photobleaching, the 488 nm laser fired once every ten frames

(to track the TS), while the 561 nm laser fired every frame (for tracking individual H2B).
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Single-molecule tracks were identified using TrackMate 3.8 with the following parameters:

LoG Detector; Estimated Blob Diameter: 5.0; Pixel Threshold: 100; Sub-Pixel Localization: En-

abled; Simple LAP Tracker; Linking Max Distance: 3 pixels; Gap-Closing Max Distance: 2 pixels,

Gap-closing Max-Frame Gap: 1 frame. Custom Mathematica code was used to calculate the av-

erage Euclidean displacement for each track longer than 5 frames. Tracks were plotted with a

blue–purple color distribution based upon their average Euclidean displacement. The transcription

site was identified using TrackMate and plotted in red.

Live-cell imaging of transcription at the HIV-1 reporter gene

To cover the entire cell nucleus, all movies were taken using 13 z-stacks with 0.5 µm spacing.

The z position was moved only after all three colors were imaged in each plane. This resulted in

a total cellular imaging rate of 0.5 Hz (2 s per volume). Note that the color scheme of the signals

described in the text and figures is based on the color of the excitation lasers, CTD-RNAP2 in red

(CF640), Ser5ph-RNAP2 in green (Cy3), and mRNA in blue (GFP). For shorter live-cell imaging

as in Fig. 3.1, each cell was scanned every 1 min for 30 min with the laser power at the objective’s

back focal plane set to 21.4, 60.5, and 21.74 µW for 488, 561, and 637 nm, respectively, and the

exposure time was 53.64 msec. For longer live-cell imaging as in Fig. 3.5, cells were imaged every

1 min for 200-time points, using weaker laser powers (1.15, 15.7, and 5.2 µW for 488, 561, and

637 nm, respectively) and longer exposure times (200 msec exposure). For faster live-cell imaging

as in Supplementary Fig. 3.14, each cell was scanned at a much faster frame rate (150 msec/frame)

for a total of 1000 time points (150 sec) in a single plane. For this, the imaging size was set to 256

× 256 pixels2 (33.3 × 33.3 µm2) and the exposure time set to 53.64 msec, with the laser power at

the objective’s back focal plane set to 1.2 mW, 335 µW, and 77.5 µW for 488, 561, and 637 nm,

respectively.

Calibrating the number of mRNA per transcription site

To count the number of nascent mRNAs at the transcription site, cells were imaged for a single

time point using a higher laser power for 488 nm (230 µW at the back focal plane) and a lower
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camera gain. These conditions allowed us to visualize both a single transcription site and single

mature mRNAs. To calculate the number of mRNA per transcription site (see Fig. 3.7d, bottom

panel): (1) Several cells were imaged on independent days. To avoid bias, cells were chosen

with the same imaging conditions used for longer live-cell experiments; (2) Images were analyzed

using FISH-quant V3 [149]. Mature mRNAs were detected, localized in 3D with a Gaussian fit,

and then a point-spread function was applied to discard spots that were larger than diffraction-

limited spots. An image showing the average intensity of the mature mRNAs was created and

compared to that of the transcription site. This ratio of these gave the number of nascent mRNA

at each transcription site, from which the distribution shown in Fig. 3.7d (bottom panel, purple

distribution) was computed.

Quantifying signal intensities at the transcription site from live-cell imaging movies

Images were pre-processed using either Fiji [179] or custom-written batch processing Math-

ematica code (Wolfram Research 11.1.1) to create 2D maximum intensity projections from 3D

movies. Using Mathematica code, the 3D images were corrected for photobleaching and laser

fluctuations, z-stack by z-stack, by dividing the movie by the mean intensity of the whole cell or

the nucleus in each channel. The offset between the two cameras was registered using a built-in

Mathematica routine FindGeometricTransform, which finds a transformation function that aligned

the best-fitted positions of 100 nm diameter Tetraspeck beads evenly distributed across the image

field of view. 2D maximum projections and 3D image sequences from the images corrected for

bleaching and laser fluctuations were then analyzed with a custom-written code in Mathematica to

detect and track the transcription site. Briefly, thresholds were selected in each channel to visualize

spots at the transcription site and a bandpass filter was used to highlight just the transcription site in

the mRNA channel. The resulting image was binarized and used to create two masks for each time

point: one marking the transcription site (TS mask: a mask semi-manually thresholded to cover

just the transcription site within the image) and one marking the BG (mask: a ring of width one

pixel that surrounds the transcription site and is separated from the site by two pixels). The built-in

Mathematica routine ComponentMeasurements-IntensityCentroid was used to find the coordinates
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of the transcription site in XY through time. The Z coordinate was determined by selecting the

z-stack at which the particle in the XY coordinate had its maximum brightness (“best z”). If the

transcription site disappeared (due to transcription turning off or inhibition), the Z was replaced

by the Z coordinate of the last visible position. From the XYZ coordinates at each time point, a

new 2D maximum projection was created considering the “best z” at each time point. From this,

the pixel intensity values were recorded for each TS and BG mask, representing the mean inten-

sity values over time at the transcription site and the BG, respectively. The raw and normalized

intensity vectors were calculated per channel and a moving average of three-time points was used

to display the intensity RawIntCh as a function of time, as shown in Eq. 3.2:

RawIntCh = ⟨ITS(t)− IBG(t)⟩ |3 (3.2)

where, ITS is the intensity measured in the TS mask in each channel (Ch), IBG is the intensity

measured in the BG mask, and ⟨·⟩|3 represents a three-time point moving average. The normalized

intensity (as in Fig. 3.5c) was calculated by dividing RawIntCh by the average 95% intensity from

all transcription sites. Occasionally, normalized intensities for CTD-RNAP2 and Ser5ph-RNAP2

dip below zero. This can be caused either by RNAP2 signals being temporally depleted at the

transcription site relative to the BG or by bright signals in the BG due to nearby transcription in the

local vicinity. To display transcription sites over time (as in Figs. 1c and 2b and Supplementary

Movie 1 (available online)), 3-time point moving-average trims from the “best z” were created in

each channel (showing CTD-RNAP2, Ser5ph-RNAP2, mRNA, and the merge). Each trim was

centered on the intensity centroid of the mRNA.

Covariance analysis in Supplementary Figs. 1f and 3g

To test for covariance between intensity signals from control spots and the transcription site,

signal covariance was calculated using the “cov” function in MATLAB. For quantification of bleed-

through, the covariance was calculated between all possible pairs of raw intensities (CTD-mRNA,

CTD-Ser5ph, and Ser5ph-mRNA) in normal vs. bleed-through control conditions. For quantifica-
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tion of signals off-target, the covariance was calculated between all possible pairs of normalized

intensities on-target at the transcription site vs. off-target at a random site p1. Significance was

calculated using the Mann–Whitney U test.

Analysis of minima signals in Fig. 3.5d

The local minima in the mRNA signal of each cell were detected using the “islocalmin” func-

tion in MATLAB. The cells that exhibited minimas below a threshold (normalized intensity ≤ 0.20

arb.units) were selected by the algorithm. Then seven-time points before and after the mRNA val-

ley were considered, including the minimum, in each channel. All the traces in each channel were

averaged and fitted with a Gaussian using a 95% confidence interval to determine the minima and

maximum steady state of the average trace in each channel.

To confirm that the minima were true and not an artifact of our analysis, the analysis was

repeated at hundreds of random time points. Significance was calculated using the Mann–Whitney

U test. The p values for the magnitude of the minima and their time delays were calculated by

comparing the magnitude of the minima to the control and the time lag to minute zero in each

signal, respectively.

Analysis of transcription site spatial organization in Figs. 2e–h and Supplementary Fig. 3.4h

Moving average (50 time points) movies were generated to accurately determine the mean XY

position of the transcription site in each channel. As described in Quantifying signal intensities at

the transcription site from live-cell imaging movies subsection, the built-in Mathematica routine

“ComponentMeasurements-IntensityCentroid” was used. Once the XY positions for each signal

were obtained, the Euclidean distance between each pair over time was calculated, from which dis-

tributions were calculated. Significance between signals was calculated using the Mann–Whitney

U test.

167



Auto- and cross-correlation analysis

The auto- and cross-correlation functions were calculated for each time trace obtained from

the longer movies (like in Fig. 3.5c, but without performing a 3-time point moving average), as

previously described [82, 76]. The covariance function is defined as:

G(τ) = ⟨δa(t)δb(t+ τ)⟩, (3.3)

where ⟨·⟩ indicates the temporal mean, and δa(t) denotes the deviation about the mean, i.e.,

δa(t) = (a(t) − ⟨a(t)⟩). Signals a(t) and b(t) can be the same signal or two different signals. In

the first case, a = b and G(τ) represent the auto-covariance, which is symmetric about τ = 0;

In the second case, G(τ) represents the cross-covariance and may be asymmetric. To calculate

the cross-correlation between the CTD-RNAP2 and Ser5ph-RNAP2 signals in the fast imaging

experiments in Supplementary Fig. 3.14, the intensities of tracked transcription sites through time

were quantified as described above, with a couple of minor modifications: First, because imaging

was in a single plane, the rate of photobleaching in the plane was not captured by the rate of

photobleaching in the cell. For this reason, each signal exponentially decayed. This was corrected

by dividing out a single-exponential fit to each curve. Second, we did not perform any moving

average on the signals to maintain the highest possible temporal resolution.

For fitting and data analysis, the normalized covariances, G(τ)/ ¯G(0), were used for all signals,

where ¯G(0) denotes the zero-lag auto- or cross-covariance averaged over all time points and all

biological replicas. To quantify and remove shot noise from the zero-lag auto-covariances, G(0)

was estimated for each biological replica assuming a linear interpolation from the three shortest

non-zero lag times (1, 2, 3 min) prior to averaging over all replicas. The standard error of the mean

normalized covariance functions, denoted SEMḠ(τ), was computed as the standard deviation of

G(τ)/ ¯G(0) divided by
√
N .
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A quantitative model for transcription

The derivation of the bursting model for RNAP2 recruitment and nascent transcription simple

model begins with the specification of three variables: x1(t) describes the promoter state, x2(t)

describes the number of RNAP2 in the cluster, and x3(t) describes the number of RNAP2 engaged

in active transcription. Six reactions can occur: (1) a promoter can become temporarily active with

propensity equal to the burst frequency, ω · kon; (2) the active promoter can deactivate at a rate

koff ; (3) the active promoter can recruit and phosphorylate RNAP2 at Serine 5 (Ser5ph-RNAP2)

at a rate β · koff ; (4) Ser5ph-RNAP2 can be lost from the cluster at rate kab; (5) Ser5ph-RNAP2

can escape at rate kesc; and (6) escaped RNAP2 can complete transcription with rate kc. We solve

the model for the first and second-order statistical moments as previously described [50]. First, we

combine the stoichiometry vectors for all six reactions into the stoichiometry matrix, S as follows:

S =




1 −1 0 0 0 0

0 0 1 −1 −1 0

0 0 0 0 1 −1



, (3.4)

and we write the linear propensity functions in vector form as

w =




−kon 0 0

koff 0 0

β · koff 0 0

0 kab 0

0 kesc 0

0 0 kc







x1

x2

x3



+




kon

0

0

0

0

0




, (3.5)

= W1x+ w0 (3.6)

with this notation, the expected mean dynamics of E{x} are described by the ordinary differ-

ential equation:
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dE{x}
dt

= S(W1E{x}+w0). (3.7)

From this expression, the steady state expected mean can be calculated as the solution to the

algebraic expression:

SW1ESS{x}+ Sw0 = 0; (3.8)

the steady state co-variance, ΣSS, can be calculated as the solution of the algebraic Lyapunov

equation:

SW1ΣSS + ΣSSW
T
1 S

T + Sdiag(W1ESS{x}+w0)S
T = 0; (3.9)

and the auto- and cross-covariance functions vs. time lag, Σ(τ) can be calculated as the solution

of the ODE:

dΣx(τ)

dτ
= SW1Σx(τ), (3.10)

with initial condition Σx(0) = ΣSS given as the solution to (9).

To convert these above expressions, which are in terms of x1–x3, into quantities reflecting

the total RNAP2 at the transcription site (y1 = x2 + x3) and number of transcribing RNAP2

(y2 = x3), we define a simple linear transformation

y =



0 1 1

0 0 1


x, (3.11)

= cx, (3.12)

Under this transformation, E{y} = c{x} and Σy(τ) = cΣx(τ)c
T.
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We note that this version of the model does not distinguish between RNAP2 and Ser5ph-

RNAP2. These two distinct forms as well as other configurations are easily incorporated by

extending x to include a fourth or more states. In such cases, each new state adds two reaction

stoichiometry vectors to Eq. 3.4, two reaction terms to Eq. 3.5, and one additional column to the

output matrix c in Eq. 3.11, but the rest of the analysis remains unchanged.

Using this model formulation, it is straightforward to solve for the steady-state moments (Eqs.

3.8 and 3.9) and the auto- and cross-correlations (Eq. 3.10) for any combination of parameters.

However, upon fitting this model to the data, we observed that estimates for koff tended to very large

values (koff ≫ ω) and with substantial estimation uncertainty. Under these excessively large rates

for koff , each “on” period is extremely short-lived and attracts a geometric number of RNAP2 with

mean β (this model reduction is equivalent to the strategy in models that use geometric bursts of

protein to replace translation of short-lived mRNA as described previously elsewhere [41]). There-

fore, to reduce the number of free parameters required by the model, we fixed koff at 1000min-1

such that each burst would be very short-lived on the time scale of the experimental measurements.

This choice led to a simpler model but had no discernible effect on the fit of the model to the data.

All codes and the GUI are available at Zenodo: https://doi.org/10.5281/zenodo.

4631141.

Model parameter search

Parameters were found using maximum likelihood estimation considering several data types

as follows. First, errors in the measurement of the normalized auto- and cross-covariances were

assumed to be normally distributed with the measured standard error, SEMḠ(τ), such that their

log-likelihood functions are written

logLG(θ) = CG − 1

2

∑Nt

n=1(ḠD(τn)− ḠM(τn, θ))
2

(SEMḠD
(τn))2

(3.13)

where θ is the set of parameters, ḠD(τn) is the measured covariance function in the data (D),

ḠM(τn, θ) is the predicted covariance function of the model (M ) at a time lag of τn, and CG is a

171

https://doi.org/10.5281/zenodo.4631141
https://doi.org/10.5281/zenodo.4631141


normalization constant that does not depend on the parameters. The summation is over the first 15

lag times for the three auto-covariance functions and the 21 smallest lag times (i.e., -10 to 10 min)

for the three cross-covariance functions.

The model was further constrained to match the mean and variance for the measured number

of mRNA per transcription site as estimated in units of mature mRNA as calibrated using FISH-

quant. Assuming the central limit theorem, the log-likelihood of matching the observed sample

mean was estimated as:

logLµ(θ) = Cµ −
1

2

((µD − µM(θ))
2

SEM2
D

, (3.14)

where µD is the sample mean levels of mRNA from the data, µM(θ) is the mean number of

mRNA predicted by the model, and SEMD =0.93 is the standard error of mean level of mRNA

from the data. Similarly, the log-likelihood of the measured variance, σ2
D given the model was

estimated as

logLσ2(θ) = Cσ2 − 1

2

((σ2
D − σ2

M(θ))
2

SEM2
σ2

, (3.15)

where σ2
M(θ) is the mRNA variance predicted by the model, SEMσ2 is the standard error for

the mRNA variance, and Csigma2 is a constant that does not depend on the parameters. The standard

error of the sample variance was estimated using a Gaussian approximation such that

SEMσ2 = SEM2
D

√
2

N − 1
= 14 (3.16)

Under the assumption of independence between the different data types, the total log likelihood

to match all data was the sum of the individual likelihoods

logLTotal(θ) = logLG(θ) + logLµ(θ) + logLσ2(θ). (3.17)
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Maximum likelihood estimates were found using iterated rounds of MATLAB’s “fminsearch”

until convergence.

To compare multiple models with different numbers of mechanisms and parameters, we com-

puted the BIC as

BIC = klog(n)− 2logLTotal(θ) (3.18)

In this formulation, the value for the number of independent experiments, n, was estimated

at n = 8, which conservatively assumes one data degree of freedom for each of the six different

auto- and cross-correlation signals estimated from the time-lapse experiments, and one each for

the measurement of the mean and variance of mRNA per transcription site as estimated imaging a

single frame using higher laser power to visualize single mature mRNAs. The number of param-

eters, k, disregards the directly measured shot noise magnitudes and any parameter that was fixed

at a large value (e.g., kout when that value was fixed to 1000 sec-1). This leaves k = 5 parameters

for the selected model: β, ω, kab, kesc, and kc. The fractional phosphorylation or phosphorylation

models each have one additional parameter, fraction or kphos, respectively. The mRNA retention

model has one additional parameter (i.e., kc was replaced with kc−mRNA, and krelease was added).

The numbers of parameters, maximum likelihood values, and parameter estimates, and BIC results

for all examined models are listed in Supplementary Fig. 3.8. We note that our low conservative

estimate for n = 8 (rather than basing n on the much larger number of independent experiments)

was chosen to avoid biasing the model selection toward simpler models—larger choices of n would

result in much stronger rejection of the more complex models.

Transcription inhibition experiments

For the transcription inhibition experiments in Fig. 3.11, cells were imaged every 1 min for

5-time points before applying the inhibitor (t = 0), TPL (5 µM), THZ1 (15 µM), or Flav (1 µM).

Cells were then imaged every 1 min for 30 min total after addition of TPL or Flav, and for 55 min
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total after addition of THZ1. Here, laser power at the objective’s back focal plane was set to 21.4,

60.5, and 21.74 µW for 488, 561, and 637 nm, respectively, and the exposure time was 53.64 msec.

To quantify time delays in the TPL-runoff assay, TPL signals were further analyzed as follows:

(1) To account for cell variability and experimental conditions, the decays curves from each cell

were aligned. This was achieved by subtracting the time at which each cell reached half of the

decay after TPL addition. This time was obtained by an inverse hyperbolic tangent fit applied

to each channel in every cell (Fig. 3.11c); (2) after the alignment, all the traces in each channel

were averaged together, and the standard error of the mean (S.E.M.) was calculated. Finally, to

determine the time delays between CTD-RNAP2, Ser5ph-RNAP2, and mRNA, an inverse tanh fit

was applied and weighted with respect to the variance of each signal.

Software

All images were acquired with Micro-Manager software (1.4.22). Image pre-processing was

made using ImageJ (2.0.0 - rc - 67/1.52e Java 1.8.0_66, 64 - bit). Images were analyzed with

a custom Wolfram Mathematica (11.1.1) code. For the fast movies, tracking of the spots was

performed using the ImageJ plugin, TrackMate (3.8.0). Final plots, modeling, and the GUI were

made using MATLAB R2019b; Figures were assembled together using CorelDraw 2020 (64 - bit).

Reporting summary

Further information on research design is available in the Nature Research Reporting Summary

linked to this article.

Data availability

The source data underlying the figures are provided as a Source Data file in the original pub-

lication online. The raw images/movies were deposited to Figshare https://doi.org/10.

6084/m9.figshare.14187011. All other data included in the manuscript and/or supple-

mental materials are available from the corresponding authors upon reasonable request. Source

data are provided with this paper.
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Code availability

All codes used for the mathematical model and GUI are available at Zenodo https://doi.

org/10.5281/zenodo.4631141. The Mathematica codes employed for the image process-

ing in this paper are available from the authors upon request.
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3.2 Visualization, quantification, and modeling of endogenous RNA poly-

merase II phosphorylation at a single-copy gene in living cells - BioPro-

tocol6

Figure 3.16: Bio-protocol graphical description

The Nature Communications paper was adapted into a Bio-protocol paper in summer 2022.

We were invited to convert our manuscript into a usable protocol. To this end, I converted all the

codes used in the previous paper into a general MATLAB pipeline to allow for all the analyses

shown in the original manuscript on a given users data set.

6Linda S. Forero-Quintero, William Raymond, Brian Munsky, Timothy J. Stasevich DOI: https://doi.org/10.

1101/2023.11.23.568398
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Chapter 4

non-coding RNA Machine Learning

4.1 Identification of potential riboswitch elements in Homo-Sapiens mRNA

5’UTR sequences using Positive-Unlabeled machine learning7

During the course of my studies at Colorado State University, I have focused on the nucleotides

relegated to central dogma of biology - DNA, tRNA, and mRNA. I took a wonderful RNA biology

class taught by Dr. Jeffery Wilusz which introduced me to the insane diversity of the peripheral yet

crucial non-coding RNA species: rRNA, snoRNA, snRNA, miRNA, circRNA and almost 40 other

types. I credit this class with my current interest in non-coding RNA. There is a wild west of un-

explored RNA species harbored within cells whose current functional understanding surmounted

to “We know that it’s bad if it’s deleted!”I found several open questions in RNA biology intrigu-

ing, and when it came time to pursue a project for another class (bioinformatics) I opened my

list of open questions to select one to work on. I eventually elected to search for Riboswitches

within the human UTR, the search basically boils down to a single machine learning classification

plus some computational exploration which the first pass was enough for the class project —de-

spite the relative “ease” of the project, there were several challenges to overcome before it was

a full, publishable manuscript. I won’t linger every pothole, but a short list included wrangling

databases with contradictory information, web-scraping multiple elements not included in down-

loads, databases migrating and updating, testing several different machine learning algorithms, and

building a website when I have never attempted that before. I kept working slowly on this project

in downtime during the main multiplexing project. In November 2023 the following manuscript

was completed and submitted for publication and I am proud to say it is currently under review at

PLOS computational biology.

7William S. Raymond, Jacob DeRoo, Brian Munsky DOI: https://doi.org/10.1101/2023.11.23.

568398
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Figure 4.1: Human 5 prime UTR riboswitch ML search project graphical description

4.1.1 Summary

Riboswitches are a class of noncoding RNA structures that interact with target ligands to

cause a conformational change that can then execute some regulatory purpose within the cell.

Riboswitches are ubiquitous and well characterized in bacteria and prokaryotes, with additional

examples also being found in fungi, plants, and yeast. To date, no purely RNA-small molecule

riboswitch has been discovered in Homo Sapiens. Several analogous riboswitch-like mechanisms

have been described within the H. Sapiens translatome within the past decade, prompting the ques-

tion: Is there a H. Sapiens riboswitch dependent on only small molecule ligands? In this work, we

set out to train positive unlabeled machine learning classifiers on known riboswitch sequences and
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apply the classifiers to H. Sapiens mRNA 5’UTR sequences found in the 5’UTR database, UTRdb,

in the hope of identifying a set of mRNAs to investigate for riboswitch functionality. 67,683 ri-

boswitch sequences were obtained from RNAcentral and sorted for ligand type and used as positive

examples and 48,031 5’UTR sequences were used as unlabeled, unknown examples. Positive ex-

amples were sorted by ligand, and 20 positive-unlabeled classifiers were trained on sequence and

secondary structure features while withholding one or two ligand classes. Cross validation was

then performed on the withheld ligand sets to obtain a validation accuracy range of 75%-99%.

The joint sets of 5’UTRs identified as potential riboswitches by the 20 classifiers were then ana-

lyzed. 15333 sequences were identified as a riboswitch by one or more classifier(s) and 436 of the

H. Sapiens 5’UTRs were labeled as harboring potential riboswitch elements by all 20 classifiers.

These 436 sequences were mapped back to the most similar riboswitches within the positive data

and examined. An online database of identified and ranked 5’UTRs, their features, and their most

similar matches to known riboswitches, is provided to guide future experimental efforts to identify

H. Sapiens riboswitches.

4.1.2 Introduction

A riboswitch (RS) is a non-coding RNA sequence harboring a structure with two distinct con-

formations. Conformational changes are induced when an aptamer region interacts with a target

small molecule, revealing or occluding functional parts of the RNA. This inducible change in struc-

ture allows for broad regulation of various cellular processes via modification of protein produc-

tion, mainly by affecting transcription termination/continuation, translation inhibition/activation,

mRNA splicing, or mRNA stability [180, 181, 182, 183]. Whether a particular riboswitch acts in a

positive or negative regulatory manner when in contact with its ligand strongly depends on the ex-

pression platform and aptamer location in relation to other elements, such as the ribosomal binding

site. These regulatory effects could conceivably have disease-related implications due to under- or

over-expression of a regulatory biomolecule or to a genetic mutation of the riboswitch in ques-

tion. The current set of described riboswitches is predicted to be a small subset of all existing ri-
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boswitches —leading to open questions such as to “which riboswitch classes are uncharacterized?”

or “why do some life-essential molecules lack known riboswitch aptamers?” Riboswitch discovery

has been an active area of research since their first description in 2002, with many computational

and experimental efforts undertaken to elucidate new riboswitch classes [184]. Riboswitches occur

ubiquitously in prokaryotes, where they enjoy a rich diversity of around 40 molecular targets [182].

In contrast, nearly every example of a eukaryotic riboswitches in the current literature was found

in lower eukaryotes, such as mold, yeast, and fungi, and they leverage thiamine pyrophosphate

(TPP) as their target ligand [181, 185, 184]. Among higher eukaryotes, several species of plants

have a single TPP riboswitch in the 3’UTR of the conserved gene THIC —the riboswitch acts to

regulate gene expression by creating an unstable mRNA product in the presence of TPP [186].

Interestingly, multiple analogous “pseudo-riboswitches” (riboswitch like elements that are stabi-

lized by proteins and small molecules) have been located within the untranslated region (UTR)

of human (Homo Sapiens, H. Sapiens) translatome [187, 188]. The existence of some analogous

mechanisms in H. Sapiens and a described higher eukaryotic riboswitch prompts the question: “do

riboswitches have an unknown niche in all higher eukaryotes, or are they simply missing?” Indeed

this question is one of the largest open questions in the field today [184]. From a disease perspec-

tive, do riboswitches exist within in H. Sapiens, and if so, where and with what implications on

human health?

Machine learning is routinely used in Bioinformatics for a wide range of RNA related tasks,

including parsing RNA-seq data, performing RNA secondary structure prediction, and providing

discovery based approaches for RNA sequences, splice sites, and genome wide functional RNA

elements [189, 190]. For the task of computational riboswitch prediction, previous methods lever-

age hidden Markov models (HMMER, RiboSW, Riboswitch Scanner [191, 192, 193]), covariance

models and context free grammar (Infernal [194]), and sequence alignment + computational fold-

ing (Riboswitch Finder, RibEx, RNAConSLOpt [195, 196, 197]). Other more recent software such

as Riboflow utilizes deep learning classifiers such as RNN-LSTM or convolutional neural networks

(CNN) for their riboswitch identification [198]. Computational methods available to the public up
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until 2018 are reviewed in Antunes et al. extensively [199]. Notably, many of these have difficulty

extrapolating to unknown riboswitches and rely heavily on a previous knowledge base. Recent

breakthroughs have been achieved via reverse homology searching approaches (mutate a sequence

without disturbing secondary structure, search for the new mutant in a genome wide fashion),

which recently helped to identify a list of potential purine riboswitches in fungi [200] —however

this approach once again suffers from a lack of extrapolation and requires a known starting point

structure.

Positive unlabeled learning (PU-learning) is a subclass of binary machine learning classifica-

tion that attempts to learn from data that only contain positive and unknown examples. In other

words, they are used to classify data where the labels of one class are known (label 1) or known and

incorrect (labeled 1, truly 0), and the other class are unknown and could either be true examples

(label 1), unclassified examples (label 0.5), or negative examples (label 0) [201, 202, 203, 204].

Situations producing unlabeled-positive data sets are prevalent in fields such as medical diagnosis

(e.g., people with a diagnosis vs. people without a condition vs. people with a condition and no di-

agnostic confirmation), interest-based applications (e.g., people who engaged with an ad vs. those

who did not, since not engaging could be a negative or a neutral reaction), and biology (e.g., a class

of known proteins vs. proteins with unclassified but similar function vs. proteins without the same

function). PU-learning is routinely applied in molecular biological discovery applications since the

advent of big data approaches [205, 206, 207]; Proteomics, RNA-seq, or whole genome sequenc-

ing quantify virtually all species within a sample whether or not the molecules are characterized,

creating a tranche of unlabeled data along with its positive examples [208]. Within the context of

RNA, PU-learning has also been used to identify non-coding RNA genes [209], predict circular-

RNA and piRNA disease associations [210, 211], to predict RNA secondary structures [212], and

to classify metastasis potential from cancer cell RNA-seq data [213].

In this work, we set out to use PU-learning to identify a group of potential sequences in the

H. Sapiens mRNA 5’UTR that may contain riboswitches —with the hope of providing a first-

pass reduced list for future, targeted laboratory investigations. 67,683 sequences tagged with
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“riboswitch”from the non-coding RNA database, RNAcentral, were used as positive examples.

48,031 H. Sapiens 5’UTR sequences were obtained from the untranslated region (UTR) database,

UTRdb, and used as unlabeled examples. Sequences were sanitized and structural- and sequence-

based features were extracted. 20 PU-classifiers were trained on the RS-5’UTR feature sets and

validated on single or double holdouts of specific RS ligand classes. The resulting ensemble of

classifiers was then examined for the overlap of 5’UTR sequences that were considered as ri-

boswitches (positively labeled). 436 sequences were found to be potential 5’UTR hits across all

20 classifiers. These positively labeled 5’UTR hits were then compared with their most similar

sequences within the riboswitch data set via metrics comparing length, dot structure differences,

and structural feature similarities, and all results are presented in an interactive display website.

GO analysis was also preformed to examine fold enrichment of cellular processes and functions.

Further verification of the classifier ensemble was performed by applying the classifier to a set of

25 synthetic riboswitches, of which 56% were correctly discovered as riboswitches despite having

no representation of similar synthetic riboswitches in any training data. Using our computationally

validated ensemble, we provide a minimal list of H. Sapiens 5’UTRs that appear most likely to har-

bor riboswitch sequences in hopes that these hits could be corroborated with future experimental

validation.

4.1.3 Results and Discussion

67,683 known riboswitch sequences and 43,081 H. Sapiens 5’UTRs were collected and sani-

tized for subsequent PU classification.

Two RNA databases were selected for training data: RNAcentral and UTRdb. RNAcentral is a

meta collection of many databases of all types of non-coding RNA, and was utilized as the source of

riboswitch sequences [214]. JSON information of all entries containing the tag “riboswitch” were

queried from RNAcentral on 8.19.22 and filtered to remove duplicate sequences. Ligands were

parsed from the entry descriptions and any missing ligands were obtained from the corresponding

entry’s RFAM data [215]. Ligands were further filtered to combine names referring to the same
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ligand (e.g. “mn”, “manganese”, “Mn2+” all renamed to “Mn2+”). Cobalamin sub-types such

as Adenosylcobalamin were combined under the umbrella of “cobalamin” for ligand labelling.

Any protein specific ligand was renamed to “protein”(1 total) and all tRNA ligands were lumped

to “tRNA”(3 total). Speculative or synthetic riboswitches (nhA-I motif, duf1646, raiA, synthetic,

sul1, blank) were relabeled with ‘unknown’ as their ligand (1130 total). After ligand relabeling,

73,119 riboswitch sequences remained in the data set. After removing identical sequences, 67,683

penultimate riboswitch sequences were stored for machine learning. Riboswitches targeting cobal-

amin(s), TPP, S-Adenosyl methionine (SAM), glycine, FMN, purine, lysine, fluoride, and guani-

dine made up 82% of the riboswitch data set. Other ligand labels such as unknown, molybdenum,

GMP, or nickel/cobalt made up less than 2% of the data set each (Fig. 4.2A). A full list of ligands

represented in the data set can be found in Table 4.1.

Figure 4.2: Riboswitch ligand representation, training data comparisons, and feature extraction of

sequence data. A) Ligand representation within the riboswitch training data (RS). 43 different ligands are

represented with 10 ligands having greater than 2% representation in the data set. B) Length distributions for

the sanitized 5’UTR and RS data set. C) KS distances between the 5’UTR and RS data set for all extracted

features are shown in the bottom panel.
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H. Sapiens 5’UTR sequences were pulled from UTRdb, a UTR database of multiple organ-

isims’ mRNA [216] on May 2022, and all analyses and computations use these data. UTRdb has

since updated the original database to add additional curated functional annotations and

UTRs [217]. This update does not substantially affect the sequence data and is not expected to af-

fect any results presented here. For the readers’ convenience, we reproduce the and make these data

available through the GitHub repository, https://github.com/Will-Raymond/human_

riboswitch_hits. Sequences were filtered for identical sequences and stored in a data set.

5’UTR sequences were matched with their corresponding coding regions from the H. Sapiens

consensus coding region (CCDS) release 22 (accessed 11.28.2021). 5’UTR sequences missing

CCDS information were discarded from the data set. 5’UTR sequences were appended with 22

nucleotides downstream from the start codon of the mRNA, and trimmed to the last 300 nucleotides

in the 5’ to 3’ direction if the full 5’UTR sequence was over that limit. This min(5′cap, 275NT) to

start codon to 22 NT region was selected as the area to search for potential riboswitches as regula-

tory conformational changes in this region could directly block or expose the ribosomal initiation

site. After the sanitation, CCDS matching, and length trimming, 48,031 5’UTR sequences were

stored for subsequent examination. Fig. 4.2B shows the length distribution of both data sets, and

Fig. 4.3A shows an example of a 5’UTR + 25 NT sequence.

For both the known riboswitch data set and the H. Sapiens 5’UTR sequences data set, sequences

with incomplete or multiple base pair specifications were renamed to the first matching base pair

out of the order A, C, G, T/U for the unknown character according to IUPAC naming conventions,

Table 4.2 [218].

74 structure and sequence based features were extracted from the 5’UTR and RS data sets

In an effort to collect a broad spectrum of information for machine learning purposes, each

sequence was processed to quantify 74 features in two groups: 65 sequence features and 9 predicted

structural features.

The 65 sequence features include 64 length-normalized 3-mer (AAA, AAG, AAU ... CCC)

frequencies, and the GC content. To define these, the 4k sequence k-mers were generated for each
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transcript, and the resulting 64-element vector was normalized by the total number of k-mers (i.e.,

length - 2) of the corresponding transcript [219, 220]:

[S1, . . . , S64] =

[
NAAA

Lseq − 2
,

NAAC

Lseq − 2
,

NAAU

Lseq − 2
,

NAAG

Lseq − 2
,

NACA

Lseq − 2
...

NGGU

Lseq − 2
,
NGGG

Lseq − 2

]
(4.1)

In addition, the GC content is defined as the count of G and C within the sequence normalized by

the sequence length:

S65 =
NG +NC

Lseq

(4.2)

Figure 4.3: Caption on next page.
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Figure 4.3: Example feature extraction of sequence data. A) Example 5’UTR sequence from the data

set containing the start codon and 22 downstream nucleotides (25 total). B) Annotated example of taking

an RNA sequence and converting it to a normalized feature vector for our positive-unlabeled learning. For

sequence-based features, the sequence is converted into a 3-mer frequency and GC content is calculated.

3-mer frequency is normalized by the number of 3-mer subsets in the sequence (sequence length - 2).

Secondary structure based features are generated by passing the sequence through NUPACK. MFE and

structural features are extracted from the dot structure. Counts of hairpins, internal loops, bulges, and

contiguous stacks (with and without branches) are extracted and max normalized across all the entire data

set. Left (L) and right (R) designation corresponds to the 5’ to 3’ direction and 5’ to 3’ direction within

a base pair stack respectively. MFEs are min-normalized across the data set. The final structural feature

considered for learning is the percentage of unpaired nucleotides in the structure. The final output is a

vector of length 74 normalized from 0-1.

Structural features were obtained by passing each sequence through the computational folding

algorithm, NUPACK 4.0.0.23, [221, 222] to obtain a minimum free energy (MFE) secondary struc-

ture. NUPACK allows the user to specify a number of RNA strands within one set of “test tube”

conditions and provides a list of commonly solved secondary structures and their mean free ener-

gies using a computational RNA model. Default NUPACK model settings were used when fold-

ing all sequences, “Model(material=‘rna’, ensemble=‘stacking’, celsius=37, sodium=1.0, magne-

sium=0.0).” For each sequence, the dot structure and the MFE of the most commonly folded non-

complexed (no A:A) structure out of 100 RNA strands was saved and recorded as a sequence’s

secondary structure for feature extraction. The NUPACK MFE value, unpaired base pair percent-

age, and counts of how many consecutive stem base pairs in a branching stem or non-branching

stem, number of stem loops, number of internal loops left and right, and numbers of left and right

bulges were extracted and used as a “structural feature vector” defined as:

[S66, . . . , S74] = [MFE,Nunbranched stacks, Nbranched stacks, Nloops L, Nloops R, ...

Nhairpins, Nbulges L, Nloops R,
Nunpaired NT

Lseq

]

We note that psuedoknot features are not extracted or used for classification in this project as

NUPACK dose not predict these structures.
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Left and right for the bulges and loops were defined as “left”when residing on the 5’ to 3’ direc-

tion of a stem loop stack and as “right”when residing on the 3’ to 5’ direction of a stack. A bulge

was defined as a one nucleotide unpaired on either direction interrupting a contiguous stack, loops

were defined as two or more unpaired nucleotides interrupting a stack. This naming convention

comes from the location when reading the dot structure left to right of the feature: “...((.(.....)))...”

has one left bulge and “...((..((.....))...))...” has a left internal loop of two and a right internal loop

of three. Unpaired nucleotides are defined as base pairs not within any paired stack, for example,

“...(((....)))...(((....)))...” has 9 total unpaired nucleotides as the 8 unpaired nucleotides reside within

a stack. The unpaired nucleotides inside stacks are instead labeled as hairpins. A branching stack

is defined as one that has multiple distinct substacks within its stack, e.g. “((...((...))...((...))...))”

is one branching stack containing two non-branching stacks. Counts of structural features were

max-normalized by the entire combined RS and 5’UTR data set. Fig. 4.3B visually describes the

process of taking an example sequence and converting it to its representative feature vector.

A two sample Kolmogorov-Smirnov distance was calculated to compare differences between

the known RS features and H. Sapiens 5’UTR features. According to the KS distance, most struc-

tural features showed a marked disparity between the RS and 5’UTR data set, Fig. 4.2C, while

sequence features ranged from 0.05 - 0.4 in their KS distance.

PU learning and cross validation achieves 75% to 99% accuracy to identify held out known

riboswitches.

To assess performance of our positive-unlabeled classifiers, we generated 20 separate subsets

of training and validation data by withholding specific subsets of the known riboswitches based

on their class of ligand. The first ten validation subsets were generated by selecting each of the

ten most represented ligand classes (each comprising 2% or more of the overall data) and leaving

each one out: Cobalamin, guanidine, TPP, SAM, glycine, FMN, purine, lysine, fluoride, zmp-ztp.

The next nine subsets were generated by leaving out pairs of the most commonly represented lig-

ands: FMN+glycine, FMN+SAM, FMN+TPP, FMN+cobalamin, TPP+cobalamin, TPP+glycine,

TPP+SAM, cobalamin+SAM, cobalamin+TPP. The final (and most diverse) validation set was cre-
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Figure 4.4: Training and validation results of 20 PU classifiers. A) Training and validation results. Each

slice represents one PUlearn Elkanoto-classifier trained on a data set withholding one or two ligand-specific

riboswitches. The outer ring shows the training accuracy on only positive examples (RS). The middle ring

is the validation accuracy on the withheld riboswitch(es) of a particular ligand(s) class. The inner ring

shows number of the predicted positive labeled 5’UTR sequences out of the 48,031 5’UTR sequences. The

sub-panel on the bottom right shows the withheld validation accuracy (rounded to 2 digits) in a box plot.

436 5’UTRs were selected by all 20 classifiers as positive labeled —potentially harboring riboswitch-like

features. B) 5’UTR hit subsets detected by varying numbers of classifiers (1 - 20, full sequences).

ated by selecting all riboswitch ligand classes with less than 2% representation in the full RS data

set (11305 sequences, 34 ligand classes, 16.9% of the entire RS data set).
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Validating each classifier on structural classes that were not provided gives a reasonable con-

fidence that the classifier can extrapolate to riboswitches that are not included in the training set

—the target task for eukaryotic riboswitch discovery. 20 Unweighted Elkan & Noto classifiers

were trained on the 20 data subsets. Fig. 4.4A shows positive example training accuracy (outer

ring), validation accuracy on withheld ligand sets (middle ring) and the positively labeled 5’UTR

count (inner ring) of all 20 classifiers. Validation accuracy ranged from 75% to 99% across the

classifiers. The classifier validated with withheld TPP riboswitches had high validation accuracy

(97%), which is an encouraging sign as all currently described eukaryotic riboswitches use TPP as

their ligand [223, 224, 225, 226, 227, 228]. The “other” classifier trained the diverse validation set

of 34 ligand classes achieved an 89% validation accuracy, demonstrating a surprising ability to ex-

trapolate to examples that are dissimilar from the core classes of riboswitches and are subsequently

underrepresented in the training data. This classifier is the most likely to extrapolate correctly for

new riboswitch discovery.

PU learning ensemble correctly identifies more than 50% of previously unseen synthetic theo-

phylline riboswitches

As an additional verification step of our machine learning approach, we applied our ensemble

of 20 classifiers to a wholly synthetic riboswitch data set, that is not represented anywhere within

the training set. The training set used to train the ensemble included 14 total synthetic riboswitch

sequences, none of which use theophylline as a target ligand. 25 current theophylline riboswitch

sequences were obtained from Wang et al. [229] and were passed through our feature extraction

and ensemble classification, Fig. 4.5. Fig. 4.5A shows the classification of the 25 theophylline

riboswitches vs. a selection threshold on the ensemble probability output (ranging from .01 to

.99). Upon testing, 56% (14/25) sequences were correctly identified with an ensemble probability

over 50%, with 9 riboswitches classified higher than 90%. For a comparison, 300 completely

random 35-250 nucleotide length sequences were generated and classified with the ensemble. 7.8%

(39/300) of the sequences were falsely identified as riboswitch sequences. At very strict thresholds

(requiring a ≥0.98 or ≥0.99 ensemble output), 25% of theophylline riboswitches are detected by
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the ensemble, where as only 6.6% of random sequences are false positives. A two-sided binomial

test was performed with the random sequence false positive rate to show the detection rate of

theophylline riboswitches was significantly higher than random chance, Fig. 4.5B.

This finding indicates that our ensemble can correctly extrapolate to the synthetic riboswitches,

although with an accuracy of 56%, it misses more of the synthetic riboswitches than it did for

the cross validation performed above on natural sequences. One potential explanation for this

loss in selectivity is that the aptamer for theophylline was discovered via directed evolution (SE-

LEX) [230], potentially introducing a novel mechanism of action that is not captured by our origi-

nal training data set. Overall, we consider the ability to find 56% hit rate for synthetic riboswitches

to be another successful demonstration that the approach can identify potential riboswitches with

novel structures or evolutionary origins.

PU learning with the trained ensemble model identifies and ranks a set of 1533 potential

5’UTR riboswitch hits

Now that the ML ensemble has been verified through cross-validation, it is instructive to exam-

ine which 5’UTR sequences have been identified as potential riboswitches. Among the classifiers,

436 5’UTRs were identified as harboring potential riboswitch elements by all 20 of the classifiers

using a selection criteria of ≥0.95 classifier output. Fig. 4.4B shows the relative overlap of all

5’UTR sequences identified by one or more classifier with the same selection threshold. By con-

trast, the amount of 5’UTR sequences identified as riboswitches by one or more classifiers was

1533. The existence of an overlap when using all 20 classifiers instills confidence in our ensemble

approach. If there was a precipitous drop in identified sequences when using more and more clas-

sifiers, that would imply that classifiers are individually identifying completely different subsets of

the 5’UTR data set to consider as riboswitches. A drop from 1533 hits to 436 hits when increasing

the amount of classifier agreement is substantial, but still leaves a large overlap found by all 20

trained classifiers.
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Figure 4.5: Application of the Ensemble model to a class of wholly synthetic riboswitches. A) 25

recently reviewed theophylline riboswitch sequences from [229] were obtained and classified using our 20-

classifier ensemble. 300 random nucleotide sequences ranging from 30-300 nucleotides were also generated

and classified using the ensemble. The percentage of sequences for both the 300 random sequences and 25

synthetic riboswitches are compared against each other for different positive ensemble probability thresh-

olds. The ensemble incorrectly classifies 40% of the theophylline as non-riboswitches at any threshold. B) A

p-value was obtained for every threshold using a two-sided binomial test of the amount theophylline hits vs.

the false positive hits of the random sequences. The theophylline identified amount is significantly higher

than the false positive rate (FPR) of the random sequence classification at every threshold. Select thresholds

are highlighted in A:, .5, .98, and .99.

To provide a method to rank the 5’UTR hits based on the ensemble of the classifiers, we average

the normalized outputs of the 20 PU classifiers to compute an ensemble similarity score, JEnsemble:

JEnsemble(UTR) =
1

20

20∑

i

PUi(UTR)

max(PUi(All RS))
(4.3)
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where PUi(sequence) is the positive-unlabeled classifier with the ith withheld ligand set, which is

normalized by its maximum value over all true RS.

The majority of top 5’UTR hits are consistently selected despite substantial truncation to

their 5’ ends.

Some potential 5’UTR hits are discarded in our analysis because we are using the full sequence

data for the 5’UTR. Because many 5’UTRs can be large with multiple regulatory elements, such an

approach could miss smaller riboswitch elements that are a sub-sequence and likely nearer to the

start codon. To evaluate how many potential hits may be lost by not considering sub-sequences of

the 5’UTR during classification, we took our 5’UTR data set and for each sequence, we generated

20 sub-sequences for each 5’UTR by truncating the mRNA at 20 evenly spaced locations upstream

of the start codon, starting 30 NT from 5’ end. For each sub-sequence, we extracted the new

features and applied the ensemble classifier. Fig. 4.6A shows the resulting probability of selection

as a riboswitch versus the fraction of the sequence used for all (48,031) 5’UTRs; Fig. 4.6B shows

the same result but only for the subset of 436 5’UTRs (0.91%) that were previously identified as

likely riboswitches using the full length sequence; and Fig. 4.6C shows the same result but for

a distinct subset of 1210 5’UTRs (2.5%) that would have been identified as a riboswitch by five

or more partial-length sub-sequences, but not using the full sequence. Although the probability

that a given sequence being a riboswitch increases when using sub-sequences, the vast majority

of 5’UTRs (97%) are still discarded as unlikely to be riboswitches. Moreover, for the 5’UTRs

that were identified as a riboswitch using their full sequences (n=436), nearly half (45.5%) of

these 5’UTRs are still detected as a riboswitch even when 85% of their sequence is discarded. For

example, AUH is consistently detected as a riboswitch with ≥95% confidence for nearly every sub-

sequence Conversely, a small fraction of 5’UTRs, such as ATF1, is only identified as a riboswitch

when the sequence is 90% or more intact.

From a practical perspective, using the full ensemble and full sequences down-selects to more

manageable number of potential hits, and given the ultimate goal of reducing the potential sequence
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space to an experimentally viable number, 436 is considered to be acceptable amount for future

experimental validation. However, the remaining hits from sub-sequences and ensemble agreement

can be revisited and examined as needed and are provided within the supplemental data.

Figure 4.6: Caption on next page.
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Figure 4.6: 5’UTR Sub-sequence exploration. A) For each 5’UTR sequence, 20 evenly-spaced sub-

sequences were generated after the first 30 nucleotides in the 3’-5’ direction, ensuring the start codon is in

all sub-sequences. The relative size of each sub-sequence as a bar chart below the x-axis. For all 5’UTRs

in the data set, variable-length sub-sequences were passed through the ensemble classifier to obtain the

riboswitch probability. The riboswitch ensemble probability is plotted for each 5’UTR sub-sequence vs. the

fraction of the sub-sequence to total 5’UTR length (thin blue lines). The thick dark blue line represents the

average ensemble probability for that particular sub-sequence bin. C) Same as A, but only for the 5’UTRs

whose full sequences were classified as ≥95% riboswitch by the ensemble. Many 5’UTR sequences such as

AUH are classified as a riboswitch until almost 80% of the original sequence is removed. In contrast, some

sequences such as ATF1 are no longer considered a riboswitch once 10% of the sequence is removed from

the 5’ end. Once again the thick dark line represents the average probability of each sub-sequence bin. C)

To find sub-sequences not included in the 436 hits, 5’UTR sequences not detected as a riboswitch by the full

sequence but were detected as ≥95% riboswitch in 5 or more sub-sequence bins were selected. These 1210

5’UTR sequences and their sub-sequence ensemble probabilities are plotted vs sub-sequence fraction. 1210

sequences could be included as potential riboswitch hits by removing some amount of 5’ end nucleotides.

Identified 5’UTR hits share remarkable feature similarities to known riboswitches.

Now that our ensemble classifier has identified a subset of 5’UTRs that may harbor potential

riboswitches, it is illustrative to examine the properties of these hits. It is infeasible to manually

compare all 436 hits to the RS data set, so to aid with comparison, a GitHub page (https:

//will-raymond.github.io/human_riboswitch_hits_gallery/about/) was

created to display, rank, and compare each 5’UTR to its most similar matches in the RS data set.

The website contains the subset of 5’UTRs identified by all 20 classifiers as potential riboswitches,

as well as any 5’UTR identified as a riboswitch by any individual classifier.

5’UTR to RS comparisons can be calculated several different ways, but for the purpose of

the website, each 5’UTR was compared to each RS with a using a combination of three metrics:

sequence length difference, structural feature vector mean-squared difference, and the predicted

5’UTR dot structure to RS dot structure Levenshtein distance (edit distance). Length mean squared

distance was calculated as:

DL = |LUTR − LRS| (4.4)
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Likewise, the structural feature metric is also measured by the squared difference between any two

extracted feature sets:

Dstruct =
74 features∑

i

([S5′UTR]i − [SRS]i)
2 (4.5)

Finally, the dot structure metric is measured by the Levenshtein distance or “edit” distance between

two strings —in other words, how many edits (insertions, deletions, substitutions) to convert one

string into another? Eq. 4.6 shows the recursive letter by letter formulation of the Levenshtien

distance, where tail(string) refers to everything but the first letter of any given string. If we define

a as the UTR sequences and b as the RS sequence, the Levenshtien distance can be computed as:

DLev =





length(a) if length(b) = 0

length(b) if length(a) = 0

lev(tail(a), tail(b)) if a[0] = b[0]

1 + min





lev(tail(a), b)

lev(a, tail(b))

lev(tail(a), tail(b)





otherwise





(4.6)

The combined similarity between the UTR and RS is denoted as JSim and is computed by

normalizing each of the above-described distances by the corresponding maximum value for that

metric over all RS in the data set. For length and Levenshtein distances, the maximum distances

are: DLev = max((476− L5′UTR), L5′UTR), and DL = 476, where 476 is the length of the largest

RS sequence in the training data (all UTR sequences are truncated to 300 or less). For the structure

feature distance, the normalization factor is obtained by comparing the 5’UTR in question to the

entire RS data set and finding the maximum. The combined similarity score is then defined on a

scale from 0 (no similarity) to 1 (perfect similarity) according to:

JSim(UTR,RS) = 1− 1

3

(
DL

max(DL)
+

DLev

max(DLev)
+

Dstruct

max(Dstruct)

)
(4.7)
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Each 5’UTR entry is displayed on the website alongside its top three JSim matches within the

RS data set. The ligands of the top 20 5’UTR-RS JSim matches are also displayed as a preliminary

prediction for the potential ligands for that structure. However, future experimental validation

would be necessary to ascertain if these hypothetical matches are correct; the potential ligands

are presented here more as an indicator of which ligand class from the prokaryotic data is most

represented in JSim matches to the 5’UTR sequence.

For the reader’s convenience, the website table displaying all hits can be sorted by its similarity

to known RS (JSim) or by the ensemble probability from the PU classifier (JEnsemble, see section

2.5). An example website page is presented in Fig. 4.7. Each column represents a 5’UTR hit (far

left) or an RS entry from the training data (next 3 columns). For each sequence, the predicted

secondary structure from NUPACK is displayed for visual comparison. Base pair comparisons are

also shown for each 5’UTR to RS pair with a circle plot of both predicted structures overlayed.

Below that is a comparison of each sequence’s secondary structure features (stacks, loops, hairpins,

etc). The counts of each of these secondary structure features and the sequence dot structures are

provided in tables on the page as well. The goal of the website is to provide the reader with an

instant visualization of each 5’UTR pair hit.

Gene ontology points to enrichment of downstream H. Sapiens proteins associated with small

molecules and transcription / translation regulation

A predominant function of bacterial riboswitches is to regulate the proteins directly related to

the riboswitch’s target ligand. For example, a fluoride riboswitch may turn on genes useful for

processing or mitigating fluoride for an organism [183, 180]. With this in mind, it is informative

to examine the downstream proteins from the H. Sapiens 5’UTR hits for correlations in protein

function, looking for genes associated with processing or synthesizing small molecules. Gene on-

tology (GO) analysis was preformed on the list of 5’UTR hits to look for any cellular function or

process enrichment using the PANTHER database [231, 232, 233]. GO process results are shown

in Fig. 4.8. The process ontology with significant fold enrichment fell into the following cate-

gories: Chromatin remodeling, transcription / translation regulation, mRNA splicing, mRNA and
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rRNA modification, and mitochondrial ubiquinone synthesis. These enrichment results suggest a

potential for small molecules to play a regulatory role in gene regulation, even if we cannot com-

ment fully on our 5’UTR hit list without experimental validation. Interestingly, proteins directly

involved in chemical stimulus detection were “unenriched”with no proteins found at all. This

observation of mutual exclusion between potential riboswitches and sensing proteins is also rea-

sonable - if there are already proteins capable to sense and respond to their intended stimulus, then

there is no need to execute redundant functions in riboswitches.

Figure 4.7: Caption on next page.

197



Figure 4.7: Example 5’UTR hit display from the Github Pages website. The RS-UTR display website

can be found at https://will-raymond.github.io/human_riboswitch_hits_gallery/

_mds/AUH_0/. The website provides information on a given 5’UTR detected by the ensemble as ri-

boswitch. Alongside each 5’UTR sequence, information on the top three riboswitch JSim matches to the

5’UTR are displayed in each column. First row provides information on a given sequence, UTRdb or RS

id, source species, MFE of the predicted structure, and ensemble prediction probability for the 5’UTR. The

next row displays the NUPACK predicted secondary structure for each sequence. Below that are chord plots

representing the bonded base pairs for each RS sequence overlapping the 5’UTR chord plot. The next row

shows the normalized structural feature vector comparison for structure counts for the 5’UTR and a given

RS. JSim is reported in these plots. Additional information such as the dot structure, origin sequence, and

counts of structural features are presented in the table below the comparison plots.

GO function analysis showed a significant enrichment of downstream proteins implicated in

binding various small molecules: nucleotides, nucleosides, ubiquinone, and various cyclic com-

pounds, Fig. 4.9. RNA binding and nucleotide binding molecules were extremely enriched with

p-values ranging from 10-7 to 10-17. Notably there is a negative enrichment of G protein-coupled

receptors, this could be explained by riboswitches having direct signalling activity to a cell, by-

passing typical trans-membrane signalling pathways.

Some potential mRNA with potential riboswitches encode proteins with direct involvement

in small molecule functions

Although we have no experimental validation for our computationally discovered 5’UTR hits,

it is illustrative to highlight and comment several interesting matches found in our computational

analysis. Several computational hits such as AUH and FTSJ1 have roles in processing already

known ligands. AUH plays a critical role in leucine degradation, hydrating 3-methylglutaconyl-

CoA to 3-hydroxy-3-methyl-glutaryl-CoA [234]. FTSJ1 is known to bind directly to

S-adenosylmethionine (SAM) with a potential role in modifying ribosomal RNA and tRNAs [235].

Ubiquinone (CoQ10, CoQ) is an essential antioxidant component of the mitochondria [236,

60]. Many proteins directly related to Ubiquinone synthesis or binding were selected as harboring

riboswitches: Biosynthetic proteins COQ3, COQ9, COQ7; Several respiratory complex I pro-

teins: NDUFA2, NDUFA8, NDUFB6, NDUFB9, NDUFS1, and a respiratory complex III protein:

UQCRQ. No ubiquinone binding riboswitches are currently described in the literature, although
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riboswitches binding other critical components of the electron transport chain such as NAD+ have

been described [237, 238]. Our overrepresentation of riboswitches within the mammalian mito-

Figure 4.8: Caption on next page.
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Figure 4.8: GO process analysis with ID’s and terms. The left column lists the GO ID and term. Multiple

arrows indicate GO term sub-levels. The left bar chart shows fold enrichment for that GO term with signifi-

cance indicator. The second bar chart shows the log space of P-value significance for each enrichment.

Figure 4.9: GO function analysis with ID’s and terms. The left column lists the GO ID and term. Multiple

arrows and indents indicate GO term sub-levels. The left bar chart column shows fold enrichment for that

GO term with significance indicator. The second bar chart shows the log space of p-value significance for

each GO term.

chondria aligns with theories put-forth within Venkata Subbaiah et al. [188], where they speculate

that the mitochondria’s reduced genome may still harbor RNA switches as a mechanism as trans-

lational control.

Some proteins represented in the hit list are implicated in small molecule or amino acid syn-

thesis or processing. GSS is responsible for the second step of glutathione synthesis [239], PNPO

directly converts vitamin B6 into its active form [240].

Finally, several close matches in predicted structure and feature vectors should also be noted:

ZNF480, SPAG11B, UBAP2L-0, and TTPAL; However, to our knowledge, these proteins have no

clear relation to small molecule processing.
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4.1.4 Conclusion

We have trained an ensemble of machine learning riboswitch classifiers using leave-one-out

cross validation of ligand classes consisting of 20 individual classifiers using sequence and pre-

dicted RNA structural features. Using this ensemble classifier, we identified a subset of the H.

Sapiens 5’UTR predicted to harbor riboswitch-like elements (Fig. 4.4). This subset provides ex-

perimentalists with a prioritized list of sequences and genes to examine first when designing ex-

ploratory experiments. This 436 sequence subset additionally shows positive GO fold enrichment

results for downstream genes in many processes with direct small molecule involvement (Fig. 4.8

and 4.9). Our approach provides a complementary strategy to the that taken in Mukherjee et

al. [200], where the authors began with a known riboswitch sequence and selectively mutated nu-

cleotides while preserving structure, and then searched genomics data for a sequence match. In

contrast, our approach starts with genomics data to learn our classifier and any given sequence can

be assessed for riboswitch probability. While our approach may be less targeted to the discov-

ery of a riboswitch with a particular structure, it holds the potential to extrapolate beyond single

specific structures, as exemplified by its identification of known synthetic riboswitches (Fig. 4.5).

Searching for a riboswitch structure in a branch of life vastly different than where riboswitches

are previously described likely needs this extrapolation ability. In future work, our approach could

be replicated using the H. Sapiens 3’UTR, where described H. Sapiens pseudoriboswitches have

been found. However, for the purposes of this paper, we have limited our search to the 5’UTR

because the bulk of our training data (Bacterial riboswitches) act near their ribosomal binding site,

equivalent to the 5’UTR, and looking in the H. Sapiens 5’UTR first gives the best chance for ef-

ficient machine learning extrapolation. Our approach could also be applied to other eukaryotic

UTRs when experimentally validated. In this paper, we also briefly explored the how the detec-

tion of potential 5’UTRs riboswitches could be expanded by varying how much of the 5’UTR

sub-sequence is used for the identification. This extended list from sub-sequences could could be

useful for finding better candidate sequences should the 436 5’UTR hits not bare fruit. Because

this is at present an entirely computational investigation, we are unable to conduct experimental
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validation for any of the detected hits, but we provide this list to the greater scientific community

in the hope that these potential targets could kick start the discovery of a riboswitch within the H.

Sapiens translatome and beyond.

4.1.5 Materials and methods

Computation

All processing was done in Python 3.8 with Biopython [241], NumPy [242], and NUPACK

4.0.0.23. Final data was stored in .csv, .npy, and .json files and large files can be recomputed by

the reader with the analysis notebook. The data files are available at https://github.com/

Will-Raymond/human_riboswitch_hits and the entire project computation (sanitation,

feature extracting, training, analyses) notebook is available at: https://colab.research.

google.com/drive/17zmKJh8iHAC2tImNNSyBrwUpU0uYKefx?usp=sharing.

A modified BEAR encoding in Python was used for structural feature counting from dot structure

strings [243].

Positive Unlabeled Machine Learning

Unweighted Elkan & Noto classifiers were used for our machine learning classifiers. In brief,

this is an extension of a generalized probability classifier to train on unknown / known labels as an

approximation of class labels. Each data point x has a label y which is either 0 or 1. Along with

the label pair each data point has a known or unknown flag, s, where s = 1 if the data point is

known, and s = 0 when unknown. Therefore, when s = 1, y = 1 and when s = 0, y = {0, 1}

Any binary classifier is then used to estimate p(s = 1|y = 1, x) instead of the classical estimate

of p(y, x). For our paper we used a SVC classifier from sci-kit learn with the following options:

SVC(C=10, kernel=rbf, gamma=0.4, probability=True). All PU classifiers were made using an

implementation from the Python package PUlearn. For full details refer to the original paper by

Elkan & Noto [203].
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GO Analysis

GO analysis was performed with the PANTHER overrepresentation test (release 10.13.2022)

using the 07.01.2022 release of the PANTHER database

(10.5281/zenodo.6799722Released2022-07-01) using the Fisher’s Exact test with

False Discovery Rate correction. The reference list used for comparison analysis was the Homo

Sapiens gene list. Overrepresentation test was performed for the GO biological process complete

and GO biological function complete annotated data sets.
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4.1.6 Tables

Table 4.1: Ligand representation within the data set

Ligand Count % Ligand Count % Ligand Count % Ligand Count %

Cobalamin 15718 23.2 Molybdenum 1163 1.7 2’-dG-II 30 0.044 Histidine 1 1.5e-5

TPP 12459 18.4 Unknown 1130 1.7 aminoglycoside 21 0.031 Protein 1 1.5e-5

SAM 8686 12.8 Glucosamine 1007 1.5 guanine 20 0.029 Glycine 1 1.5e-5

Glycine 4835 7.1 Glutamine 846 1.2 cyclic-di-AMP 5 7.4e-5 Tetracycline 1 1.5e-5

FMN 4255 6.3 Mn2+ 819 1.2 Adenine 4 5.9e-5 (p)ppGpp 1 1.5e-5

Purine 2648 3.9 homocysteine 811 1.2 tRNA 3 4.4e-5 Alanine 1 1.5e-5

Lysine 2318 3.4 tetrahydrofolate 631 0.9 Leucine 2 3.0e-5 Serine 1 1.5e-5

Fluoride 1975 2.9 Pre-Q1 605 0.9 Tryptophan 2 3.0e-5

zmp-ztp 1841 2.7 Ni/Co 569 0.8 Tyrosine 2 3.0e-5

Guanidine 1640 2.4 GMP 565 0.8 Proline 2 3.0e-5

Mg2+ 1308 1.9 cyclic-di-GMP 526 0.8 Theronine 2 3.0e-5

Methionine 1175 1.7 glucosamine-6-phosphate 52 0.078 Valine 1 1.5e-5

Table 4.2: Nucleotide substitution for data sanitation

IUPAC nucleotide code Base(s) Converted to Base(s) Converted to

A Adenine A

C Cytosine C

G Guanine G

T / U Thymine or Uracil U

R A or G A

Y C or T C

S G or C G

W A or T A

K G or T G

M A or C A

B C or G or T C

D A or G or T A

H A or C or T A

N Any A
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Chapter 5

Concluding remarks and extracurriculars

This concludes the corpus of published work I have done here at Colorado State University

within Dr. Brian Munsky’s lab. I have contributed to five substantial papers, three second author-

ship papers, one first authorship and one first authorship out for review. If I had infinite time at

Colorado State University, some of the future directions my research would head are expanded

upon below. Hopefully, a future graduate student will extend this work.

5.1 Extensions from simulated NCT gene classification to model classifica-

tion

The experiment design pipeline in Chapter 2.3 has not been used to classify real experimental

data yet. In the future we wish to verify some of its capabilities by actually using it in a lab

setting. There’s also a never-ending list of features we would like to add if given time. One of

the key features we wish to add was to switch from mRNA species classification, to model based

classification. We would like to generate simulated data from two NCT experiments where the

underlying mRNAs had differing mechanistic models, train classifiers on the simulated data, and

see which models are differentiable and with which experimental conditions. We are curious how

the “model classifiers”would do when applied to real NCT data. We are intensely interested in

training a cohort of various codon dependent model classifiers and applying that cohort to real

NCT traces. The classifier cohort could then tell us which codon dependent behaviour it thinks the

real data matches the best. The models selected and rejected would give us information on future

experiments regarding codon dependence and selection.

5.2 Extension of rSNAPed to examine other modes of mRNA diffusion

We greatly desire the simulated cells from the rSNAPed pipeline to be more realistic in the

future. One of the larger extensions we have upcoming is the ability to change the diffusion be-
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haviour of the simulated mRNAs within the cell. All work shown in Chapter 2.3 was done using a

default Brownian motion limited within the cell masks. However, we have not verified this motion

captures what we see in our microscopes. Upcoming rSNAPed versions have several different op-

tions implemented for changing diffusion coefficients over time for each mRNA molecule. Some

example diffusion modes we could have used for the rSNAPed are shown in Fig. 5.1. mRNAs

could have set diffusion coefficients drawn from some underlying distribution, like the power law

distribution or Gaussian distribution shown in Fig. 5.1A and B. This imparts a heterogeneity to

spots’ movement across the cell background environment. More complicated functions of time

can also be used to change the diffusion coefficient over time such as in Fig. 5.1C and D. mR-

NAs in Fig. 5.1C diffuse in two states, a heavily limited state with a diffusion coefficient of 0.1

pixels2/second, and a super-diffusive state of D = 4 pixels2/second. Each mRNA can randomly

state transition from either state, leading to “jumps”across the cell with transient periods where

their motion is limited. Diffusion can also be made a function of the actual translational state of

the mRNA. In Fig. 5.1D, mRNAs calculate their molecular mass at every time point in the sim-

ulation; As a ribosome binds its mass is added, probe + fAB mass is added past every epitope

location, and the amino acid incorporation continuously adds a small amount of mass per codon.

For this simulated cell the following formula was used to convert from molecular mass to diffusion

coefficient:

D =
kB ∗ T

6πMW .333η
(5.1)

The Hydraulic radius of the mRNA is approximated with MW .333 and a literature value of

viscosity, η, 4.4x102 Pa·s [244] is used. Note that this is an approximation of the cell’s cytoplasmic

viscosity and assumes the same viscosity across the entire cell. The example provided here does

not change its diffusion coefficient substantially over time, however, when coupled with mRNA

bursting on and off an extreme variation can be simulated with a particular mRNA’s diffusion

coefficient as the majority of the molecular weight added is with the binding ribosomes. We can

also extend even further to include different spatial viscosities to account for cellular compartments
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and organelles such as the ER. We will likely have to move to more complicated diffusion models

if we wish to train models for identifying various mRNA states such as ER bound or free diffusing

using rSNAPed.

5.3 Extended modeling capabilities of rSNAPsim

One of the most appealing future directions using the capabilities of the rSNAPsim’s model

maker is utilizing it to explore translation under non-canonical tRNA conditions, such as over or

under expression of specific tRNA isodecoders, loss of particular tRNA species, or tRNA mod-

ifications. Non-canonical tRNA states have been shown to have prolific, varied, and poorly un-

derstood mechanisms that result in disease states and deregulation of the cell, and rSNAPsim

is capable of modeling these dynamics at a single codon resolution and providing these models

quickly for a user. Upregulation of particular codon isodecoders has been linked to metastatic

cancers [245]. Upon oxidative stress, specific tRNA will fragment into tRFs (tRNA-derived small

RNA fragments) signalling tRNA precursor depletion and subsequent down regulation of pro-

liferation related genes [246]. Total tRNA sequencing methods have been developed within the

past few decade, but many still suffer from limitations due to the difficulty of the sequencing re-

quired [247, 248]. Translation errors during PolyQ diseases may be due to tRNA species depletion

during their characteristic long repeat regions [249, 250, 251, 252]. tRNAs are encoded by a large

amount of repeate genes which may create identical or similar tRNA species inside a given cell -

which are then heavily post transcriptionally modified. Additionally there are tRNA derived frag-

ments such as tiRNA and tRF, as well as distinctly different precursor tRNAs from fully mature

active tRNA, both of which add to the difficulty of quantification. Given the tRNAomes impor-

tance, the rSNAPsim can be used to provide models to interrogate some of these misregulated

disease states.

We can propose the following “tRNA pool TASEP” model. We can take the model described

in Chapter 2.1 and Aguilera 2019 [50] and adjust it where instead of a variable elongation rate

for each codon proportional to tRNA gene copy number. This new model directly considers a
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Figure 5.1: Caption on next page.
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Figure 5.1: Examples of various diffusion modes in rSNAPed. rSNAPed can simulate multiple diffusion

modes or models for mRNA motion. Diffusion coefficients can be passed to rSNAPed for each individual

mRNA over time. A) an mRNA diffusion coefficient of 3 was scaled by a power law distributed random

number (ax(a−1) for a = 0.8) for each mRNA spot. Highlighted spots’ diffusion coefficients are shown in

the bar plot below the simulated cell. A) Each mRNA’s diffusion coefficient was drawn from a Gaussian

distribution for this simulated cell (µ = 1, σ = 0.3). Highlighted spots’ diffusion coefficients are shown in

the bar plot below the simulated cell. C) Diffusion coefficients can be a function of time, in this simulated

cell each mRNA spot has two possible states, one with a high diffusion coefficient of 4, and one with a low

diffusion coefficient of 0.1. Each mRNA transitions from each state with an equal kon and koff . A single

spot’s diffusion coefficient over time is plotted in the plot below the simulated cell. D) Complicated functions

of time can also be incorporated. In this simulated cell, mRNA diffusion is coupled to its translational state,

each ribosome adds the weight of itself and its growing nascent peptide and fluorophores as it translates,

corresponding to a slower in diffusion coefficient when mRNAs are heavily translated. A single spot’s

diffusion coefficient over time is plotted in the plot below the simulated cell.

local “resource pool”of tRNA molecules. Ribosomes will now elongate at a proportional rate to

the amount of tRNA isodecoders locally available for the current codon they are reading. Moving

forward one codon will consume the corresponding tRNA from the tRNA pool. The tRNA pool

is replenished with charged tRNA molecules at controllable rates (proportional to human tRNA

gene copy number as a default) and leaving the vicinity of the translating mRNA at a set diffusion

rate. Ribosomal exclusion is still considered in this model, and for now, decoding errors are not

considered (but can and will be added later!). This robust model can now account for mRNA

dynamics such as repeat regions that may deplete localized tRNA resources and introduces long

range ribosome interactions across the mRNA where translation at one end of a ribosome may

deplete resources for far afield ribosomes.

5.3.1 Model Description

The mRNA transcript is modeled as a set of reactions from 1 to L for length of the with a

ribosomal occupancy at each ith position of xi.

∅ w0(x1,...,xnf)−−−−−−−→ x1
w1(x1,...,xnf+1)−−−−−−−−→ ...xi

wt−→ xL (5.1)
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Figure 5.2: tRNA pooling model and example usage. A) Diagram describing the tRNA pooling TASEP.

Ribosomes consume cognate tRNA resources as they elongate, tRNAs are free to diffuse in and out dictated

by global and local concentrations and a diffusion rate. B). Example usage of the tRNA pool model for

simulating a polyQ (CAG expansion) mRNA. WT Huntington’s protein (21 CAG repeats) and PolyQ (68

PolyQ CAG repeats) were simulated at varying values of the diffusion scaling rate, kdiffusion. As diffusion

slows, the WT HTT shows a lower dwell time and a higher local concentration of tRNA resources vs PolyQ

HTT.

The ribosomal occupancy vector is therefore described as a binary vector of length L where xi

= 1 corresponds to a ribosome occupying the ith position.

x = x1, x2, ..., xL ∈ ❇L (5.2)

Ribosomal movement along the transcript is described by three primary steps: initiation (w0)

- where the ribosome binds at the start codon, elongation (wi) - movement of the ribosome from
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position 1 to L, and termination (wt) - the rate at which ribosomes at position L unbind and

complete translation.

mRNA transcript codons are converted to a vector of length L of index numbers 0-61, cor-

responding to the maximum 61 tRNA species used for elongation. While tRNA the total tRNA

species are less than the total codon combinations, for the purposes of these equations we will use

61 as our maximum for the 61 sense codons in Eukarya [253].

n = n1, n2, ..., nL−1 ∈ (0 < ❘ < 60)L−1 (5.3)

Ribosomal binding is described by Eq. 5.4.

w0 = kinitiation

nf∏

j=1

(1− xj) (5.4)

where nf is the ribosomal footprint to account for physical exclusion if the binding site + nf

is currently occupied. Ribosomal elongation is now dependent on the local concentration of the

cognate tRNA species, [tRNAn(i)], the global elongation scaling factor, kelongation, and the next

codon not being excluded by other ribosomes.

wi = kelongation · [tRNAn(i)] · xi

nf∏

j=1

(1− xi+j) for i = 1, ..., L− 1; (5.5)

tRNAn(i) = tRNAn(i) − 1 (5.6)

Ribosomal termination is dictated by a termination rate at the stop codon (last lattice node).

wt = ktermination ∗ xL (5.7)

The tRNA pool can be thought of as an arbitrary vicinity localized around the mRNA transcript

where diffusion of tRNA in and out of the element is a birth death process (disregarding the addi-

tional consumption from the mRNA translation). tRNA species arrive at a defined consistent rate
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for each of the 61 species of tRNA, ktrna(id), where id refers to the tRNA id 0 through 60. tRNA

leaves at a rate proportional to the current amount of that tRNA species and the defined diffusion

rate kdiffusion.

d(tRNA(id))

dt
= kdiffusion · [tRNA(id)]bulk − kdiffusion · [tRNA(id)]local − α(t) (5.8)

α(t) can be conceptualized as the additional nonlinear consumption caused by any actively

elongating ribosomes on the mRNA.

At high values of kdiffusion and negligible mRNA consumption, α(t), the defined bulk and local

concentrations of tRNA resources have the same concentration at a Quasi-steady state assumption.

[tRNA(id)]bulk
kdiffusion
⇌

kdiffusion
[tRNA(id)]local ∴ [tRNA(id)]bulk = [tRNA(id)]local (5.9)

5.3.2 Novel dynamics arising from the tRNA pooling model

With the tRNA pooling model, we can explore some new mRNA dynamics. Specifically, we

can examine at low kdiffusion regimes where tRNA resources are limited, as, in the regime of high

diffusion, this model recreates the Aguilera 2019 model when kelongation is set to one. The first thing

to examine is translation of repeated codons. For this we can simulate translation on Huntington’s

protein (HTT). WT HTT has an exon1 polyQ region with a 8-35 repeat of the codon CAG. Expan-

sion of this polyQ repeat past 35 codons creates a propensity for Huntington’s Disease (HD), a fatal

neurodegenerative condition. Length of the polyQ region is strikingly correlated with symptom on-

set age and disease progression. Numerous studies speculate on the cause of the disease to be aber-

rant protein folding, emergent RNA structures, codon mis-sense errors, slowed translation elonga-

tion and ribosomal stalling due to the dense repeated codon region [249, 250, 251, 252]. Recently,

greater attention has been turned towards tRNA mis-sense errors as a predominant cause [254]. We

can take our tRNA pooling model here and compare the mRNA consumption of tRNAGlnGUC with

a 21 repeat HTT and 68 repeat HTT. Fig. 5.2B shows the dwell times of 50 simulated trajectories

of ribosomes across varying values of kdiffusion. As the rate of diffusion into the local compartment
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is limited, dwell times between WT and PolyQ start to diverge with polyQ HTT exhibiting slower

ribosomal dwell times on average. The bottom plot shows a striking difference in the local amount

of tRNAs with the same tRNA diffusion parameters. The PolyQ HTT’s steady state of cognate

tRNAs is almost half the WT mRNA’s even with high diffusion.

Figure 5.3: Common codon optimizations fail under simulated diffusion limited regimes. A) Three

histograms of codon usage across WT, CAI de-optimized, and CAI optimized β-actin mRNAs. B) Auto-

correlations of the constructs tagged with 10x-TFLAG across two different diffusion regimes: unlimited

(kdiffusion = 30) and limited (kdiffusion = 0.1). The fastest dwell time switches from optimized codons to the

WT when resources are limited as the WT has a higher diversity of codons and broader resource pool vs

optimized or de-optimized.

Another dynamic that we can examine with this model is the failure of traditional optimization

regimes such as CAI (codon adaptation index) or tAI (tRNA adaptation index) at low diffusion

regimes. For this we took WT β-actin and de-optimized and optimized it according to the CAI

and Nakamura human codon frequency [67]. Under this optimization the most frequent codons

within a reference genome are used for optimization, and vice-versa for de-optimization. Fig. 5.3A
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shows the relative distribution of all 61 sense codons for WT, optimized and de-optimized β-actin.

Under high diffusion rates, kdiffusion = 30, the model shows characteristic dwell times as one would

expect: Slowest translation is undergone by de-optimized β-actin, fastest by the optimized, and

somewhere in the middle is the WT β-actin (Fig. 5.3B left). However, when tRNA resources are

Figure 5.4: Caption on next page.
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Figure 5.4: Optimized constructs deplete local tRNA resources in simulated diffusion limited regimes.

A), Codon adaptation index (CAI) optimized β-actin with 4 different codons highlighted: TTA (0 codons),

TGG (6 codons), GAG (42 codons), GGC (79 codons). B) tRNA abundances with two different kdiffusion
rates, one with no diffusion limitation (30) and one with a heavily diffusion limited regime (0.1). Moving

averages (window=10) abundances of various tRNA resources are plotted over time from 50 simulated

trajectories. C) individual distributions of the four highlighted tRNAs with under both diffusion regimes.

TTA shows no change due to having no α(t) mRNA consumption as there are no TTA codons on the CAI

β-actin. GGC shows a marked difference in the amount of available tRNA, to the point that when diffusion

limited there is on average less than 10 available tRNAs for the mRNA to use.

diffusion limited or low, kdiffusion = 0.1, the fastest translation is undergone by WT HTT since it

has the largest diversity of codons, compared to both optimizations which enrich the same codons

and thus have heavier, specific resource usage (Fig. 5.3B right).

We can zoom in on the local tRNA pool during translation of the CAI optimized β-actin.

Fig. 5.4A shows the location of 4 different codons along the mRNA: TTA, 0 codons; TGG, 6

codons; GAG, 42 codons; GGC, 79 codons. Fig. 5.4B shows a moving average of 50 simulated

tRNA pool model trajectories at kdiffusion = 30 and 0.1. There is an expected higher randomness

and consumption of tRNA species with lower diffusion rate, with GGC tRNAs almost completely

consumed. Fig. 5.4C highlights the distributions of molecule counts within the 50 simulations in

both diffusion regimes. TTA has no difference across diffusion rates as it is not consumed by the

optimized β-actin; As more and more codons are represented on the mRNA, the larger the effect

of the diffusion rate on that particular tRNA abundance.

These are just two brief examples of dynamics this model can exhibit —more in depth models

could be created with the rSNAPsim that use cross talk between two mRNAs with their localized

resources, or to use more accurate tRNA modification species and wobble decodings. However

as we have no experimental system to compare some of these observations, this model has been

placed on the proverbial shelf. We were hoping to eventually conduct NCT experiments with

PolyQ constructs to observe some of the effects of repeat codons, especially within morphologies

that may limit diffusion. Such studies would represent the first single-cell live cell data observing

PolyQ translation.
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5.4 Teaching and outreach

5.4.1 Undergraduate Quantitative Biology Summer School

Figure 5.5: UQ-Bio summer school logo 2023

During my time at Colorado State University, I had the opportunity to participate in and fa-

cilitate the Undergraduate Quantitative Biology Summer School (and its predecessor, Quantitative

Biology Summer School). The goal of the summer school is to introduce undergraduates and early

graduate students to data analyses, computational modeling, and model inference all in relation to

dynamic biological systems. Students often come to our school with their own biological system

or data and leave with appropriate tools to conduct their own projects. While the students work

on a presented challenge problem and learn the material, we also aim to introduce them to several

research topics in the field with invited talks and general career advice with industry and academia

panels. Each year since 2021, I have generated lecture materials, interactive Python notebooks,

and lectured several of the lectures over the few week course (and designed the t-shirts). In the

past two years, the focus of the program has shifted and streamlined to providing undergraduate

students a 2 week condensed course starting with Python basics and ending with model inference.
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I provided support to streamlining and presenting a cohesive problem for the students to work on

over their course. It has been an immense pleasure to help facilitate undergraduate learning in this

context, the program is a lot of work. But always worth it, and I look forward to the UQ-BIO

“cycle”within our lab each year.

5.4.2 BIOM 421, Transport Phenomena

In addition to our summer school, I had the pleasure of teaching a core course of the undergrad-

uate biomedical engineering program here at CSU. I taught Transport Phenomena (BIOM 421) to a

the junior and senior undergrads in Spring 2023. As part of my duties I lectured, wrote exams, and

designed course materials. This was my first teaching experience where I was the main lecturer,

and I found it an experience that was challenging and rewarding. As the students were late in their

program, they were all dedicated and a pleasure to teach over the semester.
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ley. Reduced dyes enhance single-molecule localization density for live superresolution

imaging. ChemPhysChem, 15:750–755, March 2014.

[179] Johannes Schindelin, Ignacio Arganda-Carreras, Erwin Frise, Verena Kaynig, Mark Lon-

gair, Tobias Pietzsch, Stephan Preibisch, Curtis Rueden, Stephan Saalfeld, Benjamin

Schmid, Jean Yves Tinevez, Daniel James White, Volker Hartenstein, Kevin Eliceiri, Pavel

Tomancak, and Albert Cardona. Fiji: An open-source platform for biological-image analy-

sis. Nature Methods, 9:676–682, June 2012.

[180] Catherine E. Scull, Shiba S. Dandpat, Rosa A. Romero, and Nils G. Walter. Transcrip-

tional riboswitches integrate timescales for bacterial gene expression control. Frontiers in

Molecular Biosciences, 7:480, January 2021.

[181] A. Serganov and E. Nudler. A Decade of Riboswitches. Cell, 152(1-2):17–24, Jan 2013.

[182] Phillip J Mccown, Keith A Corbino, Shira Stav, Madeline E Sherlock, and Ronald R

Breaker. Riboswitch diversity and distribution. RNA, pages 995–1011, July 2017.

[183] Maumita Mandal and Ronald R. Breaker. Gene regulation by riboswitches. Nature Reviews

Molecular Cell Biology, 5:451–463, June 2004.

[184] Kumari Kavita and Ronald R. Breaker. Discovering riboswitches: the past and the future.

Trends in Biochemical Sciences, 48:119–141, February 2023.

[185] A. Wachter. Riboswitch-mediated control of gene expression in eukaryotes. RNA Biology,

7(1):67–76, February 2010.

[186] Samuel Bocobza, Avital Adato, Tali Mandel, Michal Shapira, Evgeny Nudler, and Asaph

Aharoni. Riboswitch-dependent gene regulation and its evolution in the plant kingdom.

Genes & Development, 21:2874–2879, November 2007.

[187] P. S. Ray, J. Jia, P. Yao, M. Majumder, M. Hatzoglou, and P. L. Fox. A stress-responsive

RNA switch regulates VEGFA expression. Nature, 457(7231):915–919, Feb 2009.

[188] Kadiam C. Venkata Subbaiah, Omar Hedaya, Jiangbin Wu, Feng Jiang, and Peng Yao.

Mammalian RNA switches: Molecular rheostats in gene regulation, disease, and medicine.

Computational and Structural Biotechnology Journal, 17:1326, January 2019.

[189] Raphael Petegrosso, Zhuliu Li, and Rui Kuang. Machine learning and statistical methods

for clustering single-cell RNA-sequencing data. Briefings in Bioinformatics, 21:1209–1223,

July 2020.

233



[190] Noorul Amin, Annette McGrath, and Yi Ping Phoebe Chen. Evaluation of deep learning in

non-coding RNA classification. Nature Machine Intelligence, 1:246–256, May 2019.

[191] T. J. Wheeler and S. R. Eddy. nhmmer: DNA homology search with profile HMMs. Bioin-

formatics, 29(19):2487–2489, Oct 2013.

[192] T. H. Chang, H. D. Huang, L. C. Wu, C. T. Yeh, B. J. Liu, and J. T. Horng. Computational

identification of riboswitches based on RNA conserved functional sequences and conforma-

tions. RNA, 15(7):1426–1430, May 2009.

[193] Sumit Mukherjee and Supratim Sengupta. Riboswitch scanner: an efficient pHMM-based

web-server to detect riboswitches in genomic sequences. Bioinformatics, 32:776–778,

March 2016.

[194] E. P. Nawrocki and S. R. Eddy. Infernal 1.1: 100-fold faster RNA homology searches.

Bioinformatics, 29(22):2933–2935, Nov 2013.

[195] P. Bengert and T. Dandekar. Riboswitch finder–a tool for identification of riboswitch RNAs.

Nucleic Acids Research, 32(Web Server issue):W154–159, Jul 2004.

[196] Cei Abreu-Goodger and Enrique Merino. RibEx: a web server for locating riboswitches

and other conserved bacterial regulatory elements. Nucleic Acids Research, 33:W690, July

2005.

[197] Yuan Li, Cuncong Zhong, and Shaojie Zhang. Finding consensus stable local optimal struc-

tures for aligned RNA sequences and its application to discovering riboswitch elements.

International Journal of Bioinformatics Research and Applications, 10:498–518, Septem-

ber 2014.

[198] Keshav Aditya R. Premkumar, Ramit Bharanikumar, and Ashok Palaniappan. Riboflow:

using deep learning to classify riboswitches with 9̃9% accuracy. bioRxiv, 2019.

[199] Deborah Antunes, Natasha A.N. Jorge, Ernesto R. Caffarena, and Fabio Passetti. Using

RNA sequence and structure for the prediction of riboswitch aptamer: A comprehensive

review of available software and tools. Frontiers in Genetics, 8:231, January 2018.

[200] Sumit Mukherjee, Matan Drory Retwitzer, Sara M Hubbell, Michelle M Meyer, and Danny

Barash. A computational approach for the identification of distant homologs of bacterial

riboswitches based on inverse RNA folding. Briefings in Bioinformatics, March 2023.

[201] F. Denis. PAC learning from positive statistical queries? Lecture Notes in Computer Science,

1501:112–126, January 1998.

[202] François Denis, Rémi Gilleron, and Fabien Letouzey. Learning from positive and unlabeled

examples. Theoretical Computer Science, 348:70–83, December 2005.

[203] Charles Elkan and Keith Noto. Learning classifiers from only positive and unlabeled data.

2008.

234



[204] Jessa Bekker and Jesse Davis. Learning from positive and unlabeled data: a survey. Machine

Learning, 109:719–760, April 2020.

[205] Peng Yang, Xiaoli Li, Hon Nian Chua, Chee Keong Kwoh, and See Kiong Ng. Ensemble

positive unlabeled learning for disease gene identification. PLoS ONE, 9:e97079, May 2014.

[206] Yawen Xiao, Jun Wu, Zongli Lin, and Xiaodong Zhao. A semi-supervised deep learning

method based on stacked sparse auto-encoder for cancer prediction using RNA-seq data.

Computer Methods and Programs in Biomedicine, 166:99–105, November 2018.

[207] Zhe Ju and S. Wang. Computational identification of lysine glutarylation sites using

positive-unlabeled learning. Current Genomics, 21:204–211, May 2020.

[208] Fuyi Li, Shuangyu Dong, Andre Leier, Meiya Han, Xudong Guo, Jing Xu, Xiaoyu Wang,

Shirui Pan, Cangzhi Jia, Yang Zhang, Geoffrey I. Webb, Lachlan J.M. Coin, Chen Li, and

Jiangning Song. Positive-unlabeled learning in bioinformatics and computational biology:

a brief review. Briefings in Bioinformatics, 23, January 2022.

[209] Chunlin Wang, Chris Ding, Richard F. Meraz, and Stephen R. Holbrook. PSoL: a posi-

tive sample only learning algorithm for finding non-coding RNA genes. Bioinformatics,

22:2590–2596, November 2006.

[210] Xiangxiang Zeng, Yue Zhong, Wei Lin, and Quan Zou. Predicting disease-associated circu-

lar RNAs using deep forests combined with positive-unlabeled learning methods. Briefings

in Bioinformatics, 21:1425–1436, July 2020.

[211] Syed Danish Ali, Hilal Tayara, and Kil To Chong. Identification of piRNA disease associa-

tions using deep learning. Computational and Structural Biotechnology Journal, 20:1208–

1217, January 2022.

[212] Congzhe Su, Jeffery D. Weir, Fei Zhang, Hao Yan, and Teresa Wu. ENTRNA: A framework

to predict RNA foldability. BMC Bioinformatics, 20:1–11, July 2019.

[213] Junyi Zhou, Xiaoyu Lu, Wennan Chang, Changlin Wan, Xiongbin Lu, Chi Zhang, and Sha

Cao. PLUS: Predicting cancer metastasis potential based on positive and unlabeled learning.

PLOS Computational Biology, 18:e1009956, March 2022.

[214] A. I. Petrov, S. J. E. Kay, I. Kalvari, K. L. Howe, K. A. Gray, E. A. Bruford, P. J. Kersey,

G. Cochrane, R. D. Finn, A. Bateman, A. Kozomara, S. Griffiths-Jones, A. Frankish, C. W.

Zwieb, B. Y. Lau, K. P. Williams, P. P. Chan, T. M. Lowe, J. J. Cannone, R. Gutell, M. A.

Machnicka, J. M. Bujnicki, M. Yoshihama, N. Kenmochi, B. Chai, J. R. Cole, M. Szy-

manski, W. M. Karlowski, V. Wood, E. Huala, T. Z. Berardini, Y. Zhao, R. Chen, W. Zhu,

M. D. Paraskevopoulou, I. S. Vlachos, A. G. Hatzigeorgiou, L. Ma, Z. Zhang, J. Puetz, P. F.

Stadler, D. McDonald, S. Basu, P. Fey, S. R. Engel, J. M. Cherry, P. J. Volders, P. Mestdagh,

J. Wower, M. B. Clark, X. C. Quek, and M. E. Dinger. RNAcentral: a comprehensive

database of non-coding RNA sequences. Nucleic Acids Research, 45(D1):D128–D134, Jan

2017.

235



[215] Ioanna Kalvari, Eric P Nawrocki, Joanna Argasinska, Natalia Quinones-Olvera, Robert D

Finn, Alex Bateman, and Anton I Petrov. Non-coding RNA analysis using the Rfam

database. Current Protocols in Bioinformatics, June 2018.

[216] G. Grillo, A. Turi, F. Licciulli, F. Mignone, S. Liuni, S. Banfi, V. A. Gennarino, D. S. Horner,

G. Pavesi, E. Picardi, and G. Pesole. UTRdb and UTRsite (RELEASE 2010): a collection of

sequences and regulatory motifs of the untranslated regions of eukaryotic mRNAs. Nucleic

Acids Research, 38(Database issue):75–80, Jan 2010.

[217] Claudio Lo Giudice, Federico Zambelli, Matteo Chiara, Giulio Pavesi, Marco Antonio Tan-

garo, Ernesto Picardi, and Graziano Pesole. UTRdb 2.0: a comprehensive, expert curated

catalog of eukaryotic mRNAs untranslated regions. Nucleic Acids Research, 51:D337–

D344, January 2023.

[218] A. Cornish-Bowden. Nomenclature for incompletely specified bases in nucleic acid se-

quences: recommendations 1984. Nucleic Acids Research, 13(9):3021–3030, May 1985.

[219] Phillip E.C. Compeau, Pavel A. Pevzner, and Glenn Tesler. How to apply de Bruijn graphs

to genome assembly. Nature Biotechnology, 29(11):987–991, November 2011.

[220] Natapol Pornputtapong, Daniel A. Acheampong, Preecha Patumcharoenpol, Piroon Jen-

jaroenpun, Thidathip Wongsurawat, Se Ran Jun, Suganya Yongkiettrakul, Nipa Chokesaj-

jawatee, and Intawat Nookaew. KITSUNE: A tool for identifying empirically optimal K-mer

length for alignment-free phylogenomic analysis. Frontiers in Bioengineering and Biotech-

nology, 8:1080, September 2020.

[221] Mark E. Fornace, Nicholas J. Porubsky, and Niles A. Pierce. A unified dynamic program-

ming framework for the analysis of interacting nucleic acid strands: Enhanced models, scal-

ability, and speed. ACS Synthetic Biology, 9:2665–2678, October 2020.

[222] Mark E. Fornace, Jining Huang, Cody T. Newman, Nicholas J. Porubsky, Marshall B.

Pierce, and Niles A. Pierce. NUPACK: Analysis and design of nucleic acid structures,

devices, and systems. Theoretical and Computational Chemistry, November 2022.

[223] Darcy McRose, Jian Guo, Adam Monier, Sebastian Sudek, Susanne Wilken, Shuangchun

Yan, Thomas Mock, John M. Archibald, Tadhg P. Begley, Adrian Reyes-Prieto, and Alexan-

dra Z. Worden. Alternatives to vitamin B1 uptake revealed with discovery of riboswitches

in multiple marine eukaryotic lineages. The ISME journal, 8:2517–2529, January 2014.

[224] Sunita Yadav, D. Swati, and Hariharan Chandrasekharan. Thiamine pyrophosphate ri-

boswitch in some representative plant species: a bioinformatics study. Journal of Com-

putational Biology, 22:1–9, January 2015.

[225] Andreas Wachter, Meral Tunc-Ozdemir, Beth C. Grove, Pamela J. Green, David K. Shintani,

and Ronald R. Breaker. Riboswitch control of gene expression in plants by splicing and

alternative 3’ end processing of mRNAs. The Plant Cell, 19:3437–3450, November 2007.

236



[226] Ming T. Cheah, Andreas Wachter, Narasimhan Sudarsan, and Ronald R. Breaker. Control of

alternative RNA splicing and gene expression by eukaryotic riboswitches. Nature, 447:497–

500, April 2007.

[227] Sanshu Li and Ronald R. Breaker. Eukaryotic TPP riboswitch regulation of alternative splic-

ing involving long-distance base pairing. Nucleic Acids Research, 41:3022–3031, March

2013.

[228] Sumit Mukherjee, Matan Drory Retwitzer, Danny Barash, and Supratim Sengupta. Phy-

logenomic and comparative analysis of the distribution and regulatory patterns of TPP ri-

boswitches in fungi. Scientific reports, 8, December 2018.

[229] Xun Wang, Can Fang, Yifei Wang, Xinyu Shi, Fan Yu, Jin Xiong, Shan-Ho Chou, and Jin

He. Systematic comparison and rational design of theophylline riboswitches for effective

gene repression. Microbiology Spectrum, 11, February 2023.

[230] Robert D. Jenison, Stanley C. Gill, Arthur Pardi, and Barry Polisky. High-resolution molec-

ular discrimination by RNA. Science, 263(5152):1425–1429, March 1994.

[231] Huaiyu Mi, Anushya Muruganujan, Dustin Ebert, Xiaosong Huang, and Paul D Thomas.

PANTHER version 14: more genomes, a new PANTHER GO-slim and improvements in

enrichment analysis tools. Nucleic Acids Research, 47:419–426, January 2018.

[232] Michael Ashburner, Catherine A Ball, Judith A Blake, David Botstein, Heather Butler,

J Michael Cherry, Allan P Davis, Kara Dolinski, Selina S Dwight, Janan T Eppig, Mi-

dori A Harris, David P Hill, Laurie Issel-Tarver, Andrew Kasarskis, Suzanna Lewis, John C

Matese, Joel E Richardson, Martin Ringwald, Gerald M Rubin, and Gavin Sherlock. Gene

Ontology: tool for the unification of biology NIH public access author manuscript. Nature

Genetics, 25:25–29, May 2000.

[233] The Gene Ontology Consortium. The Gene Ontology resource: enriching a GOld mine.

Nucleic Acids Research, 2021.

[234] Matthias Mack, Ute Schniegler-Mattox, Verena Peters, Georg F. Hoffmann, Michael Liesert,

Wolfgang Buckel, and Johannes Zschocke. Biochemical characterization of human 3-

methylglutaconyl-CoA hydratase and its role in leucine metabolism. The FEBS Journal,

273:2012–2022, May 2006.

[235] Jing Li, Yan-Nan Wang, Bei-Si Xu, Ya-Ping Liu, Mi Zhou, Tao Long, Hao Li, Han

Dong, Yan Nie, Peng R Chen, En-Duo Wang, and Ru-Juan Liu. Intellectual disability-

associated gene FTSJ1 is responsible for 2’-O-methylation of specific tRNAs. EMBO re-

ports, 21:e50095, August 2020.

[236] Agustín Hidalgo-Gutiérrez, Pilar González-García, María Elena Díaz-Casado, Eliana

Barriocanal-Casado, Sergio López-Herrador, Catarina M. Quinzii, and Luis C. López.

Metabolic targets of coenzyme Q10 in mitochondria. Antioxidants, 10, April 2021.

237



[237] Shanker S.S. Panchapakesan, Lukas Corey, Sarah N. Malkowski, Gadareth Higgs, and

Ronald R. Breaker. A second riboswitch class for the enzyme cofactor NAD+. RNA, 27:99–

105, January 2021.

[238] Sarah N. Malkowski, Tara C.J. Spencer, and Ronald R. Breaker. Evidence that the nadA

motif is a bacterial riboswitch for the ubiquitous enzyme cofactor NAD+. RNA, 25:1616–

1627, December 2019.

[239] Runa Njälsson and Svante Norgren. Physiological and pathological aspects of GSH

metabolism. Acta Paediatrica, 94:132–137, January 2005.

[240] Faik N. Musayev, Martino L. Di Salvo, Tzu-Ping Ko, Verne Schirch, and Martin K. Safo.

Structure and properties of recombinant human pyridoxine 5’-phosphate oxidase. Protein

Science : A Publication of the Protein Society, 12:1455, July 2003.

[241] Peter J. A. Cock, Tiago Antao, Jeffrey T. Chang, Brad A. Chapman, Cymon J. Cox, Andrew

Dalke, Iddo Friedberg, Thomas Hamelryck, Frank Kauff, Bartek Wilczynski, and Michiel

J. L. de Hoon. Biopython: freely available Python tools for computational molecular biology

and bioinformatics. Bioinformatics, 25(11):1422–1423, March 2009.

[242] Charles R. Harris, K. Jarrod Millman, Stéfan J. van der Walt, Ralf Gommers, Pauli Vir-

tanen, David Cournapeau, Eric Wieser, Julian Taylor, Sebastian Berg, Nathaniel J. Smith,

Robert Kern, Matti Picus, Stephan Hoyer, Marten H. van Kerkwijk, Matthew Brett, Allan

Haldane, Jaime Fernández del Río, Mark Wiebe, Pearu Peterson, Pierre Gérard-Marchant,

Kevin Sheppard, Tyler Reddy, Warren Weckesser, Hameer Abbasi, Christoph Gohlke, and

Travis E. Oliphant. Array programming with NumPy. Nature, 585(7825):357–362, Septem-

ber 2020.

[243] Eugenio Mattei, Gabriele Ausiello, Fabrizio Ferrè, and Manuela Helmer-Citterich. A novel

approach to represent and compare RNA secondary structures. Nucleic Acids Research,

42:6146, June 2014.
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