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Abstract

Uncovering principles of the central dogma of biology: noise, growth robustness, and
overabundance

Teresa Lo

Chair of the Supervisory Committee:
Paul A. Wiggins
Department of Physics

The central dogma of biology describes the most essential processes for all living systems to
function: the interactions between messenger RNA, DNA, and protein. Each process in the
central dogma occurs on the scale of single molecules and is inherently stochastic, leading to
noisy gene expression. Protein noise for eukaryotic and prokaryotic cells has been observed
experimentally and modeled theoretically, but its significance has not been understood at
the fundamental level. Furthermore, theories have not been able to explain the paradox of
how gene expression should be optimal after millions of years of evolution, yet observed to
be overabundant: produced in excess of what is required for function.

This dissertation covers modeling to explore protein noise, and discusses the cellular strat-
egy of overabundance. In addition, I document my development of OmniSegger, a package
improving the accuracy of analyses of cellular timelapses and enabling analysis of unusual

cell morphologies, which was critical to quantifying overabundance experimentally.
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2.1 Robustness hypothesis for essential genes: The stochasticity in gene
expression is represented by the red shading. We hypothesize that robust
growth requires sufficiently low noise levels for cellular function; this critical
noise level should be below the level where the signal (mean) is comparable
to noise (standard deviation). . . . . .. ... oL 5
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2.3

24

2.5

2.6

2.7

2.8

Yeast noise from fit against canonical noise model, with a noise
floor. Yeast noise data from [1] fit with the 2- (null hypothesis CV?) = /% +c)

and 3- parameter (alternative hypothesis CVf) = u% +c¢) models. . .. ...
P

Three-parameter fit to E. coli noise. Noise as a function of protein
abundance from [2] was fit to the 3-parameter noise model (Eq. 2.5). From
the fit, protein noise scales proportionally with p.,***, which is a close result
to the canonical model with p,, L
A non-canonical scaling is observed for gene-expression noise in
yeast. The protein expression noise (CV?) for yeast scales like 11, 12 (violet)
rather than the canonical y;! (orange) for low-abundance proteins. (Data
from Ref. [1].) An empirical noise model (Eq. 2.5, green) fit to the essential
genes gives an estimate of the protein-abundance scaling of 1, 0-57,
Panel A: Kinetic model for the central dogma. The central dogma
is a stochastic-kinetic model for protein synthesis, described by four gene-
specific rate constants: the transcription rate (5,,), the message degradation
rate (), the translation rate (8,), and the dilution rate (y,). Panel B:
Statistical model for the central dogma. The predicted distribution in
protein abundance is described by a gamma distribution, which is parameter-
ized by two unitless constants: the shape parameter p,,, the mean number of
messages transcribed per cell cycle, and the scale parameter €, the mean num-
ber of proteins translated per message. Panel C: Message number. The
message number (p,,) is defined as the mean total number of messages (dark
blue) transcribed per cell cycle. Here, four total messages are transcribed
and translated to protein (light blue); however, due to message degradation,
at time ¢/, only one message is present in the cell. Cellular message number
(tmyc) is defined as the mean number of messages per cell at time . .
The protein abundance is approximately gamma distributed. Protein
abundance was modeled for eight different transcription levels using a Gille-
spie simulation, including the stochastic partitioning of the proteins between
daughter cells at cell division. The range in abundance matches the observed
range of expression levels in the cell. We observed that the simulated protein
abundances were well described by gamma distributions. . . . . . .. . . ..
The protein abundance is not Poisson distributed. The Poisson dis-
tribution does not accurately model protein abundance. . . . . . ... ...
Fit to rescale fluorescence intensity to protein number. Protein abun-
dance from flow cytometry fluorescence [1] as a function of mass-spectrometry
scaled abundance [3]. The mass-spectrometry data was thresholded at 10 pro-
teins, and then a linear fit was performed to find the offset of 3.9, which was
used to convert protein fluorescence AU to number. . . . . . . . . ... ...
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2.9

2.10

2.11

Panel A: An empirical model for protein number p, in yeast. The
canonical noise model assumes constant translation efficiency, which would
imply that protein number is proportional to the message number (orange);
however, the empirical fit (green) shows that protein number scales close to
the square of message number (violet): p, o< 2. The protein abundance has
a cutoff near 10! due to the autofluorescence cutoff [1]. Panel B: The sta-
tistical noise model predicts the observed noise. The statistical noise
model (Eq. 2.19) and empirical model for protein number (Eq. 2.24) make a
parameter-free prediction of the noise (green). This prediction both closely
matches the observed scaling (o< p, Y 2, violet) relative to the canonical scal-
ing (oc !, orange) and quantitatively estimates magnitude (vertical offset).
This prediction does not include the contribution of noise floor, relevant for
describing high-expression proteins. . . . . . . . . ... ... ... ...
Understanding the distinct central dogma strategies using the am-
plifier analogy. Panel A: Yeast. High expression (1) is typically achieved
by coordinated small increases in both transcription (p,,,) and translation (¢),
relative to low-expression genes. Panel B: E. coli. High expression (p,) is
typically achieved by a large increase in transcription (u,,) only, relative to
low-expression genes. Translation (¢) is uncorrelated. Panel C: Distinct
noise scaling with gene expression. Due to the coordinated changes in
both transcription and translation in yeast, noise scaling is weaker than in
E. coli, where only transcription changes. The noise of high-expression E. coli
genes is determined by the noise floor. . . . . . .. .. ... ...
Transcription in three model organisms. We characterized different gene
transcriptional statistics in three model organisms. In E. coli, two growth con-
ditions were analyzed. Panel A: The distribution of gene transcription
rate. The transcription rate varies by two orders-of-magnitude between or-
ganisms. Panel B: The distribution of gene cellular message number.
There is also a two-order-of-magnitude variation between cellular message
numbers. . ... e
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2.12 Transcription in three model organisms. Panel A: The distribu-

3.1

tion of gene message number. All organisms have roughly similar dis-
tributions of message number for essential genes, which are not observed for
message numbers below a couple per cell cycle. However, non-essential genes
can be expressed at much lower levels. Panel B: Nonessential genes tol-
erate higher noise levels than essential genes. The floor of message
number is consistent with a noise ceiling of CV; = 0.7 for essential genes
(green). Nonessential genes (red) are observed with lower transcription levels.
Panel C: Conserved transcriptional program for essential genes. The
message number per gene (number of messages transcribed per cell cycle) is
roughly identical in E. coli, yeast, and human. We show this schematically.

The RLTO Model. Panel A: Gene expression processes are stochas-
tic. The central dogma describes a two-stage stochastic process where genes
are first transcribed into u,,, messages per cell cycle, then translated to € pro-
teins per message, on average. Panel B & C: A schematic cell lineage tree
is shown during exponential growth. For a specific protein i, the cell fill rep-
resents protein number N, relative to its threshold number n, required for
cell growth. Panel B: Reducing the mean expression level reduces doubling
time; however, expression noise results in below-threshold cells (red fill) which
arrest. Panel C: Increasing protein expression increases the doubling time.
All cells are above threshold (blue fill). Panel D: The fitness landscape
is asymmetric. Growth arrests for protein number N, smaller than the
threshold level n, (red) due to the failure of essential processes. High expres-
sion levels decrease growth rate due to increasing metabolic cost. The relative
metabolic cost of overabundance is small relative to the cost of growth arrest
due to the large size of the total metabolic load Ny. Panel E: Gene ex-
pression is stochastic. There is significant cell-to-cell variation in protein
abundance (NN,) around the mean level (p,). Due to this noise, some cells fall
below threshold (red). The distribution in protein number is modeled using
a gamma distribution. Panel F: The robustness-load trade-off deter-
mines the optimal expression level. The population growth rate depends
on the distribution of the protein number. The asymmetry of the fitness land-
scape drives the optimal expression level far above the threshold level due to
the high fitness cost of low protein abundance. . . . . . . ... ... ....

25



3.2 The RLTO model predicts overabundance is optimal. Panel A: Fit-
ness landscape determines optimal message number and translation
efficiency. The fitness loss (s = In kyax/k) is shown as a function of message
number (u,,) and translation efficiency (¢). The red dotted curve represents
programs where the mean protein number is equal to the threshold (u, = n,)
and the red dot represents the optimal regulatory program (jfi,,, £). Panel
B: Gene-expression noise. Due to the stochasticity of gene expression
processes at equilibrium, the protein number N, is gamma-distributed [2].
For high-expression genes, expression has low noise and the protein number is
tightly distributed around its mean; however, for low-expression genes, expres-
sion is noisy and the distribution is extremely wide. Panel C: Overabun-
dance is optimal for all genes. For high-expression genes, low overabun-
dance is optimal (41, = n,); however, for low-expression genes, vast overabun-
dance is optimal (1, > n,). From a quantitative perspective, overabundance
depends on the relative load A; however, the qualitative dependence is invari-
ant to over an orders-of-magnitude range of values. . . . . ... ... .. ..



3.3

3.4

A lower threshold for transcription: The one message rule. Panel
A: RLTO predicts the one-message rule. For high-expression genes,
overabundance is low and the message number pu,, is predicted to be com-
parable to the threshold level n,, (dotted line); however, for low-expression
genes there is a lower threshold (u,, > 1) below which expression is too noisy
for robust growth. The threshold is weakly dependent on relative load A.
Panel B: A one-message threshold is observed in E. col: for essen-
tial genes. A histogram shows the distribution of gene message numbers for
all genes (blue) versus essential genes (orange). As predicted by the RLTO
model, virtually all essential genes are expressed above the one-message-per-
cell-cycle threshold. Panel C: The distribution of transcription rates
for essential genes. No alignment is observed between the distributions of
transcription rates in three evolutionarily-divergent organisms. For instance,
the per gene transcription rate is significantly lower in human cells relative to
E. coli. Panel D: The distribution of message numbers for essential
genes in three evolutionarily-divergent organisms. The alignment of
distributions of message number per gene between human, yeast, and E. coli
(under two distinct growth conditions) reveals a nontrivial commonality be-
tween central dogma regulatory programs. We propose that the rationale for
this alignment is the one-message rule that predicts that all essential genes
must be expressed above one message per cell cycle. Both yeast and FE. coli
come very close to satisfying this proposed threshold; however, a greater pro-
portion of genes in human break the one-message threshold. We speculate
that this is due in part to the ad hoc nature of the essential-gene classification
in the context of complex multicellular organisms. . . . . . . ... ... ..
How are transcription and translation balanced? Panel A: The
RLTO model predicts load balancing. The ratio of the optimal trans-
lation efficiency (€) to the message cost (\) is roughly independent of the
relative load (A). The translation efficiency ¢ is predicted to be roughly pro-
portional message number pu,,. Panel B: RLTO predicts the protein-
message-abundance relation in yeast. The observed proteome fraction
is compared to two models: the RLTO optimal model (solid red line) and
constant-translation-efficiency model (dotted red line). Both models make
parameter-free predictions. The RLTO optimum predicts the global trend.
(Data from Ref. [4].) Panel C: Mammalian proteome fraction. The
RLTO prediction (solid) is superior to the constant-translation-efficiency pre-
diction (dashed). Panel D: E. coli proteome fraction. In contrast, the
constant-translation-efficiency prediction (dashed) is superior to RLTO pre-
diction (solid). . . . . . . ..
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3.5

3.6

3.7

3.8

RLTO predicts the magnitude of noise in yeast. The observed gene
expression noise is yeast is shown for essential and nonessential genes. Two
protein-message abundance models are compared to the data: The RLTO
model (green) versus the constant-translation-efficiency (canonical model, or-
ange). The RLTO model predicts both the magnitude of the noise, as well as
its scaling with protein abundance. The reduced slope of the RLTO model is
the consequence of load balancing, which reduces the noise for the noisiest,
low-expression genes. (Data from Ref. [1].) . ... ... ... ... ... ..
Central dogma regulatory principles. Panel A: Overabundance.
Low-expression essential genes are expressed with high overabundance; whereas,
high-expression essential genes are expressed with low overabundance. Lab
supply analogy: Low-cost items that are used stochastically (e.g. pipette
tips) are purchased in great excess, while the higher cost items that are less
stochastic (e.g. pipette) are purchased as needed. Panel B: One-message
rule. Robust expression of essential genes requires them to be transcribed
above a threshold of one message per cell cycle. Panel C: Load balanc-
ing. In eukaryotic cells, optimal fitness is achieved by balancing transcription
and translation: The optimal message number is proportional to the optimal
translation efficiency. High (low) expression levels are achieved by high (low)
levels of transcription followed by high (low) levels of translation per message.
The protein abundance is approximately gamma distributed. Protein
abundance was modeled for eight different transcription rates using a Gille-
spie simulation, including the stochastic partitioning of the proteins between
daughter cells at cell division. The range in abundance matches the observed
range of expression levels in the cell. We observed that the simulated protein
abundances were well fit by gamma distributions. . . . . . . ... ... ...
Four perspectives on the fitness landscape. In each landscape, the red
circle represents the fitness optimum. The red dotted line represents the mean
protein number equal to the protein threshold n, = 10%. Here, fitness is quan-
tified by the log growth rate: s = Inkp.c/k. Panel A: Mean protein
number versus noise. Panel B: Mean protein number versus trans-
lation efficiency. Panel C: Mean message versus protein numbers.
Panel D: Message number versus translation efficiency. . .. . . ..
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3.9

3.10

3.11

Four perspectives on the dependence of optimal overabundance on
relative load A. All these calculations are performed for protein cost A = 100
in order to give real numbers in molecules per cell. Panel A: Overabun-
dance as a function of protein number. Overabundance decreases as
protein number increases. These calculations are A dependent. Panel B:
Overabundance as a function of the protein threshold. Overabun-
dance decreases as protein threshold increases. These calculations are A\ de-
pendent. Panel C: Overabundance as a function of translation effi-
ciency. Overabundance decreases as translation efficiency increases. These
calculations are A dependent. Panel D: Overabundance as a function of
message number. Overabundance decreases as message number increases.
These calculations are A independent. . . . . . . . . . .. ... ... ...
Four perspectives on load balancing. All these calculations are performed
for protein cost A = 100 in order to give real numbers in molecules per cell.
Panel A: Protein number versus protein threshold. At high expres-
sion levels, the protein number tracks the protein threshold; however, the one
message rule forces the protein number to threshold for low expression levels.
These calculations are A\ dependent. Panel B: Message number versus
message threshold. At high expression levels, the message number tracks
the message threshold; however, the one message rule forces the message num-
ber to a threshold close to u,, = 1 for low expression levels. These calculations
are A independent. Panel C & D: Message number versus translation
efficiency. The optimal translation efficiency grows almost linearly with the
optimal message number. The scaled translation efficiency (£/)) is indepen-
dent of A while the translation efficiency (¢) is dependent on A. The ratio €/
has a second interpretation: the load ratio R. R is defined as the metabolic
cost of translation over transcription of the gene. . . . . . . .. .. ... ..
Optimal expression levels are buffered. The predicted fitness loss as
a function of protein depletion level and message number for bacterial cells
(including the noise floor). Due to the overabundance phenomenon, all pro-
teins are buffered against depletion, but low-expression genes are particularly
robust due to higher overabundance. The solid red line represents 1/0, and
predicts the range of depletion values for which cell growth is predicted. The
dotted red line represents a three-fold depletion. . . . . . .. ... ... ..
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3.12

3.13

3.14

The message cost affects transciption genome wide. Panel A: Mes-
sage number decreases with increased relative load A. The optimal
message number responds to changes in the message cost. The RLTO model
predicts an approximate power-law relation (linear on a log-log plot) between
message numbers. Panel B: A power-law relation is observed. To test
whether central dogma regulation would adapt dynamically as predicted, we
analyzed the relation between the yeast transcriptome under reference condi-
tions and phosphate depletion (perturbed), which increases the message cost
[5]. (Data from Ref. [6].) As predicted by the RLTO model, a global change
in regulation is observed, which generates a power-law relation with scaling
exponent o = 0.837 & 0.01. The observed exponent is smaller than one, as
predicted by an increased relative load A. . . . . . ... ... L.
Increased protein cost decreases optimal translation efficiency. A
protein cost of A\, = 1 corresponds to the metabolic cost of protein synthesis
only, and is the minimum protein cost. For larger protein costs, the optimal
translation efficiency is lower. As a result, the A\, = 1 curve represents an
upper bound of the optimal translation efficiency. . . . . . ... ... .. ..
Exploring the mathematical mechanism of overabundance. Single-cell
and population growth rate are compared for three different models: arrest
(RLTO), slow-growth, and symmetric models. In the arrest model (RLTO),
the growth rate goes to zero below threshold protein level n,. In the slow-
growth model, the growth rate transitions continuously to zero as the N, is
depleted below n,. In both the arrest and slow-growth models, there is a small
negative slope above the threshold corresponding to the metabolic load. In the
symmetric model, the fitness cost is symmetric about the optimum. Both the
threshold-like and slow-growth models are optimized at mean expression levels
t, far exceeding the threshold level n,. This is a consequence of the highly-
asymmetric dependence of the fitness on protein number N,. This leads to
the phenomenon of protein overabundance. In contrast, the symmetric model
is optimized in close proximity to its single-cell optimum. . . . . .. . . ..



3.15

3.16

3.17

The one message rule. Panel A: One-message-rule for essential
genes. For highly transcription genes (high p,,), little compensation for noise
is required and the optimal message number tracks with the threshold mes-
sage number n,,. However, as the threshold message number approaches one
(n,m — 1), the noise is comparable to the mean, and the optimal message num-
ber p,, increases to compensate for the noise. As a result, a lower threshold of
roughly one message per cell-cycle is required for essential genes. This thresh-
old is predicted for both fixed (dashed) and optimized translation efficiency
(solid). The threshold is weakly dependent on relative load A. Panel B: A
one message threshold is observed in three evolutionarily-divergent
organisms. As predicted by the RLTO model, essential, but not nonessential
genes, are observed to be expressed above a one message per cell-cycle thresh-
old. All organisms have roughly similar distributions of message number for
essential genes, which are not observed for message numbers below a couple
per cell cycle. Panel C: The distribution of gene transcription rate.
The typical transcription rate varies by two orders-of-magnitude between or-
ganisms. Panel D: The distribution of gene cellular message number.
There is also a two-order-of-magnitude variation between typical cellular mes-
sage numbers. No consistent lower threshold is observed for either statistic.
Yeast noise fit against canonical noise model, with a noise floor.
Yeast noise data fit with the 2- (null hypothesis with s’ I dependence) and 3-
parameter (u7) models. The two-parameter model corresponds to the canon-
ical noise model (Eq. 3.134) and fails to quantitatively fit the data. . . . . .
Fit to rescale fluorescence intensity to protein number. Protein abun-
dance from flow cytometry fluorescence [1] as a function of mass-spectrometry
scaled abundance [3]. The mass-spectrometry data was thresholded at 10 pro-
teins, and then a linear fit was performed to find the multiplicative offset of
3.9, which was used to convert protein fluorescence AU to number. . . . . . .
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3.18 Load balancing predicts the scaling of noise. Panel A: Three com-

4.1

peting models for protein abundance in yeast. The empirical model
(purple) fits the slope and the y offset. The RLTO (green) and constant-
translation-efficiency (orange) models fit a parameter corresponding to the y
offset only. As discussed in the analysis of the proteome fraction, the RLTO
model qualitatively captures the scaling of the protein abundance with mes-
sage number better than the constant translation efficiency model; however,
the predicted fit does not correspond to the optimal power law, which is rep-
resented by the empirical model. The protein abundance has a cutoff near 10*
due to autofluorescence [1]. Panel B: Predictions of the noise-protein
abundance relation. Using each competing protein abundance model, the
noise-protein abundance relation can be predicted using Eq. 3.136. The canon-
ical noise model (Eq. 3.134) fails to capture even the scaling of the noise. In
contrast, both the RLTO and empirical models quantitatively predict both
the scaling and magnitude of the noise. The empirical model has the highest
performance, presumably due to its two-parameter fit to the protein abun-
dance in Panel A. A fit accounting for the noise floor is shown in Fig. 3.16.

OmniSegger pipeline schematic. Data input: Multi-dimensional image
data is loaded from image files. Registration: Images are aligned to remove
stage drift. Segmentation: For each position and time-point, the first chan-
nel image is segmented to generate a the cell masks, which are saved to a
png format file. These masks are then incorporated into a frame file, which
is a composite data file containing all image information (all channels and
cell masks). The cell masks png file is user editable. Linking: Cell masks
from successive time points are then linked to form cell trajectories, including
cell division. These links are corrected in time and saved into the frame files.
Cytometry: Cell cytometry information for each cell is computed from the
image information in the frame files. Data output: The output data is sliced
into three different output formats: The frame files contain all information,
including images, grouped by frame (i.e. all cells per time-point and x-y posi-
tion). The cell files contain all information, including images, grouped by cell
(i.e. all time-points per cell). The clist file contains all cytometry information
(no image information) grouped per x-y position. Visualization: The pack-
age also contains numerous visualization tools which use the output data to
generate figures, images, and plots. . . . . . . ... ... L



4.2

4.3

4.4

4.5

4.6

4.7

4.8

Semantic vs Instance segmentation. Left: Phase contrast image of cells.
Middle: Semantic segmentation of image with all cells segmented as one label,
often leading algorithms to have a one-pixel boundary between cells in contact.
Right: Instance segmentation; each cell is assigned a unique label. . . . . . .
Bactrack linking results in different calling of divisions. Lineage trees
generated for a growing microcolony differ slightly in calling of division times,
for example cells from progenitor 3 are determined to divide later based on
Bactrack segmentation and linking. The division results from Omnipose and
Bactrack should be compared for biological accuracy. . . . . ... ... ...
Schematic of hierarchical segmentation: Panel A: initial hierarchical
segmentation, which is generated from Omnipose flow fields as implemented
by Bactrack, Panel B: pruning of the hierarchical segmentation, and Panel
C: final resultant segmentation mask image. Figure adapted from [7]. . . . .
Visualization of Cell IDs via skeleton medoid. Left: Cell IDs labeled
at medoid of skeleton. Right: Cell IDs labeled at centroid. Notice that due
to cell curvature, some cell IDs (for example, cell 101) are displayed outside
the corresponding cell area. . . . . . . . . . ... ... L.
OmniSegger can analyze multichannel fluorescence timelapses. Two
kymographs from a single cell (ID: 136) in a timelapse of E. coli strain AB1157
with YPet-SSB and mCherry-DnaN fluorescent fusions, demonstrating the
analysis capabilities for multichannel timelapse movies. . . . . . . . . . . ..
Segmentation on high density, large frame-of-view snapshot of FtsZ-
GFP E. coli. The image has partially been zoomed in to show segmentation
performance. . . . .. ... Lo
OmniSegger correction determines consistent cell division in time.
Two lineage trees generated by OmniSegger from the same timelapse of E. coli
strain MG1655 with a frame rate of 10s™1. Left: Omnipose segmentation
struggles due to inconsistent calling of division during segmentation, how-
ever, OmniSegger segmentation corrects the masks to resolve linking errors.
Right: Bactrack improperly segments the cells and the error correction code
in OmniSegger is turned off, resulting in several linking errors. . . . . . ..
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4.9

4.10

4.11

Comparing OmniSegger performance for typical/rod-shaped mor-
phologies: Wild-type E. coli. Updated cell boundaries allow improved
timelapse analysis of cell cytometry. Panel A: Segmentation compari-
son. Phase-contrast image of a wild-type E. coli colony represents one
frame in a timelapse. Cell boundaries are determined by segmentation meth-
ods of DeLTA (yellow), Ilastik-CellProfiler (purple), SuperSegger (blue), and
OmniSegger (orange). Panel B: Lineage tree. Panel C: Cell number
comparison. OmniSegger, SuperSegger, and DelL.TA have comparable per-
formance in terms of cell number count over time. Panel D: Cell width
comparison. Histograms for cell widths from all frames of the timelapse are
shown. Black dotted line indicates manually calculated estimate of average
width. OmniSegger measures the most consistent and accurate cell width in
comparison to alternative packages. . . . . . .. ... ... L.
Comparing OmniSegger performance for diverse morphologies: Fil-
amented E. coli. Panel A: timelapse mosaic. Sample frames taken from
a timelapse of a growing wild-type E. coli colony treated with sub-Minimum
Inhibitory Concentration (MIC) of 10uM hydroxyurea. Hydroxyurea inhibits
DNA synthesis and results in a phenotype of cell filamentation when below
the MIC. Panel B: Segmentation comparison. Cell boundaries are
determined by segmentation methods of DeLTA (yellow), Ilastik-CellProfiler
(purple), SuperSegger (blue), and OmniSegger (orange); segmentation of com-
peting packages result in oversegmentation, undersegmentation, or less accu-
rate pixel classification. Panel C: Error counting schematic. Example of
segmentation error: the left-hand cell is oversegmented in frame i, resulting
in erroneous assignment of cell ID and improper linking in subsequent frame
¢ + 1. Panel D: Performance comparison. OmniSegger has the fewest
segmentation errors per frame of the timelapse, and therefore requires the
least manual corrections for data analysis. . . . .. .. ... ...
OmniSegger pipeline visualization gallery. The pipeline includes numer-
ous visualization tools. Panel A: Composite image frame mosaic. The
package can create multi-channel timelapse mosaics, including vectorized cell
outlines. Panel B & C: Fluorescence kymographs and cell towers. Vi-
sualization of fluorescence localization over time for a single cell, generated by
OmniSegger. Panel D: Lineage trees Temporal representation for mother-
daughter relations of A. baylyi mutants A YdnaN (blue), YdnaN (red), and
wild-type (green) cells. Panel E: Cell cytometry plots. OmniSegger can
generate plots to show the dynamics of various cell characteristics, for exam-
ple, total fluorescence intensity over time. . . . . . .. .. ...
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4.12

4.13

4.14

4.15

4.16

5.1

Omnipose finds FtsZ to be localized to the pole at birth. Cell birth
and division times are decided by Omnipose image segmentation. A new cell is
identified as having a bright focus at the pole, possibly due to FtsZ remaining
from the Z-ring, or as an artifact of Omnipose determining cell division too
early. In the analysis, a new cell is defined when the peak intensity at the

pole is greater than three times the average intensity from the rest of the cell.

Omnipose finds mid-cell Pal intensity to be greatest at division. Cell
birth and division times are decided by Omnipose image segmentation. In the
analysis, an old cell is defined when the peak intensity at mid-cell is greater
than twice the average intensity from the rest of the cell. . . . . . . . . ..
Brightfield model performance on in-focus image. Brightfield image of
E. coli in the focal plane. The low contrast of in-focus brightfield makes the
cells difficult to distinguish, even with the human eye. . . . . . . .. .. ..
Brightfield model performance on test image. Performance of the Om-
nipose brightfield model on an over-focused E. coli image from [8]. Left:
masks, right: boundaries as determined by masks overlaid on the original
image. The segmentation accurately captures cell boundaries. . . . . . . ..
Performance in multiple imaging modalities. From left to right: phase-
contrast image of wild-type MG1655 FE. coli captured on a Nikon Eclipse
Ti-E microscope; underfocused brightfield image of Pal-mCherry ZipA-sfGFP
E. coli captured on a custom lab microsope; overfocused brightfield image
of Pal-mCherry ZipA-sfGFP E. coli captured on a custom lab microsope;
cytoplasmic fluorescence image of F. coli strain JW3984 from the ASKA col-
lection with fusion lysC-GFP captured on a Nikon Eclipse Ti-E microscope;
membrane fluorescence image of E. coli strain JW1466 from the ASKA col-
lection with fusion cycA-GFP captured on a Nikon Eclipse Ti-E microscope.
Segmentation outlines generated by OmniSegger. Scale bar: 1ym. . . . . . .

Panel A: Overabundance varies by orders of magnitude between
essential proteins. The protein overabundance is inferred from the arrest
time in TFNseq. Sufficient expression genes have overabundance o = 1, while
overabundant genes vary from o > 1 to very large overabundance (o > 100).
Panel B: Overabundance is large for low-expression essential pro-
teins. The measured message-number-overabundance pairs are shown for
essential genes (including estimated gene density.) The smoothed experimen-
tal data is shown in blue (with experimental uncertainty.) The RLTO model
(red) predicts that overabundance grows rapidly as the transcription level
is reduced. The RLTO model qualitatively captures the trend of the data
(blue); however, it appears to underestimate the measured overabundance for
intermediate expression genes. Figure adapted from [9]. . . .. ... .. ..
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GLOSSARY

A. baylyi: Acinetobacter baylyi. A nonmotile, gram-negative coccobacillus that grows under
aerobic conditions.

DNA: Deoxyribonucleic acid

E. coli: Escherichia coli. A gram-negative bacterium commonly found in the lower intestine
of warm-blooded organisms.

GFP: Green fluorescent protein.

MATLAB: MATrix LABoratory. A programming language and software specializing in
computations involving matrices.

MRNA: Messenger ribonucleic acid
RLTO: Robustness-Load Trade-Off Model
RNA: Ribonucleic acid

TFNSEQ: Transformation transposon insertion mutant sequencing/transformation Tn-seq
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Chapter 1
INTRODUCTION

Entropy is present at the most fundamental level in living systems, resulting in stochastic
variation across both microscopic and macroscopic scales. Proteins are essential to regulat-
ing biological systems in order to maximize their fitness, yet gene expression levels can vary
significantly among individual cells. Experimental observations indicate that different genes
exhibit varying degrees of this expression variability; however, efforts to model and predict
these variations have, at best, yielded imprecise results. Furthermore, previous work has not
been able to explain the influence of gene expression noise in optimizing cell fitness. There
have been several hypotheses about fundamental strategies that cells use to manage noise in
gene expression, including mechanisms such as bet-hedging or evolutionary regulation aimed
at producing a precise amount of protein during each cell cycle. While these hypotheses ad-
dressed superficial cellular strategies, a comprehensive analysis of how cells maintain growth
robustness in the face of protein expression noise at a mechanistic and fundamental level
remained largely unaddressed.

A series of experiments in Acinetobacter baylyi (A. baylyi)' lead to surprising observa-
tions: when essential genes were knocked out, cells continued to proliferate. Motivated by
these observations, our lab began to explore the hypothesis that cells produce and carry
more protein than minimally necessary, which is referred to as “overabundance”. In order to
develop this hypothesis, we first developed a mathematical framework to describe and pre-

dict protein expression noise. The model predicts a fundamental strategy for transcription

LA. baylyi is an emerging model organism due to its extremely high natural competency/transformation
efficiency: roughly 1/100 cells. In comparison, E. coli has a competency of about 1/1,000,000 cells.



conserved between eukaryotic and prokaryotic cells, which we termed the one message rule
for essential genes. Furthermore, the mathematical framework also predicts protein noise as
experimentally observed for yeast more accurately than canonical models.

Building upon our noise model framework and observations in A. baylyi, we developed a
mathematical model to describe cellular growth and fitness in terms of cell cycle parameters:
the Robustness-Load Trade-Off (RLTO) Model. In the model, there are two key factors
which lead to loss in growth rate: the slowing of essential processes due to lack of essential
protein, and the cost placed on metabolism from producing protein. The RLTO model infers
predictions for translation efficiencies and proteomes for eukaryotic cells, and agrees with the
implications of the one message rule.

The quantitative analysis of imaging experiments in A. baylyi demonstrating overabun-
dance would not have been possible without a key tool I developed: OmniSegger. The
deletion of essential genes leads to cells developing unusual morphologies, which were unable
to be segmented and analyzed by analysis packages at the time of the experiments. OmniSeg-
ger combines the great improvements to cell segmentation from Kevin Cutler’s Omnipose
package, with the Wiggins Lab’s MATLAB-based analysis suite, SuperSegger, which was
developed to extract cell properties from image timelapses of growing microcolonies of rod-
shaped Escherichia coli (E. coli). In addition, my undergraduate mentee, Sherry Yang,
developed a new cell tracking algorithm, Bactrack. OmniSegger is a powerful and versatile
tool which enables image processing, visualization, and data analysis for timelapses of diverse
cell morphologies.

In my thesis, I will discuss the noise framework, the RLTO model predicting protein

overabundance, and finally the development of OmniSegger.



Chapter 2
GENE EXPRESSION IS NOISY!

This chapter is a modified reproduction of ref. [10].

2.1 Author summary

In order to understand and mathematically study protein overabundance, we first devel-
oped a framework to describe gene expression noise. Protein abundance is gamma-distributed
and described by two key parameters: the message number, which is the number of mes-
senger RNAs produced per cell cycle, and the translation efficiency, which is the number
of proteins translated per messenger RNA. We had two important insights about these pa-
rameters: 1) the number of messages reported from experiment need to be rescaled by the
doubling time and message lifetime of the organism, and 2) the translation efficiency is not
necessarily constant. Once these parameters were properly defined, we confirmed the model
via Gillespie simulation. The noise for the gamma-distributed protein abundance is solely
determined by message number. We tested our model against data from literature, and found
that the noise in yeast is better described by our model than by the canonical noise model.
Our model also predicts the one message rule: a minimum of one message is transcribed per
cell cycle for the evolutionarily divergent organisms human, yeast, and F. coli, suggesting a

transcriptional program to ensure cellular robustness to noise.

2.2 Introduction

All molecular processes are inherently stochastic on a cellular scale, including the processes
of the central dogma, responsible for gene expression [11, 12]. As a result, the expression of

every protein is subject to cell-to-cell variation in abundance [11]. Many interesting proposals



have been made to describe the potential biological significance of this noise, including bet-
hedging strategies, the necessity of feedback in gene regulatory networks, etc [11, 13, 14].
However, it is less clear to what extent noise plays a central role in determining the function
of the gene expression process more generally. For instance, Hausser et al. have described
how the tradeoff between economy (e.g. minimizing the number of transcripts) and precision
(minimizing the noise) explains why genes with high transcription rates and low translation
rates are not observed [15]. Although these results suggest that noise may provide some
coarse limits on the function of gene expression, this previous work does not directly address
a central challenge posed by noise: How does the cell ensure that the lowest expression
essential genes, which are subject to the greatest noise, have sufficient abundance in all cells
for robust growth?

To investigate this question, we first focus on noise in Saccharomyces cerevisiae (yeast),
and find that the noise scaling with protein abundance is not canonical. We re-analyze the
canonical stochastic-kinetic model for gene expression [16, 17, 18], to understand the relation-
ship between the underlying kinetic parameters and the distribution of protein abundance in
the cell. As previously reported, we find that the protein abundance for a gene is described
by a gamma distribution with two parameters: the message number, defined as the total gene
message number transcribed per cell cycle, and the translation efficiency, which is the mean
protein number translated per message. Protein expression noise is completely determined
by the message number [13, 19]. Although these results have been previously reported, the
distinction between message number per cell versus per cell cycle and even between mean
protein number and mean message number is often neglected (e.g. [20]).

To explore the distinction between these parameters and provide clear evidence of the
importance of the message number, we return to the analysis of noise in yeast. In yeast, the
translation efficiency increases with message number [21]. By fitting an empirical model for
the translation efficiency, we demonstrate that the noise should scale with a half-power of
protein abundance. We demonstrate that this non-canonical scaling is observed and that our

translation model makes a parameter-free prediction for the noise. The prediction is in close
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Figure 2.1: Robustness hypothesis for essential genes: The stochasticity in gene ex-
pression is represented by the red shading. We hypothesize that robust growth requires
sufficiently low noise levels for cellular function; this critical noise level should be below the
level where the signal (mean) is comparable to noise (standard deviation).

quantitative agreement with observation [1], confirming that the message number is the key
determinant of noise strength.

Finally, we use this result to explore the hypothesis that there is a minimum expression
level for essential genes, dictated by noise. The same mean expression level can be achieved
by a wide range of different translation and transcription rates with different noise levels.
We hypothesize that growth robustness requires that essential genes (but not non-essential
genes) are subject to a floor expression level, below which there is too much cell-to-cell
variation to ensure growth. To test this prediction, we analyze transcription in three model
organisms, Escherichia coli, yeast, and Homo sapiens (human), with respect to three related
gene characteristics: transcription rate, cellular message number, and message number per
cell cycle. As predicted by the noise-based mechanism, we observe an organism-independent
floor for the number of messages transcribed per cell cycle for essential genes, but not non-
essential genes. We conclude that virtually all essential genes are transcribed at a rate of

at least once per cell cycle. This analysis strongly supports the hypothesis that the same



biological optimization imperatives, which determine the transcription rates of many low-

expression genes, are conserved from E. coli to human.
2.3 Results: Details of the noise model

2.3.1 Implications of noise on growth robustness

With the realization of the stochasticity of central dogma processes, a key question is how
cells can grow robustly in spite of cell-to-cell variations in protein expression. The noise in

protein abundance is defined as the coefficient of variation squared [22, 23, 1]:
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where cr; is the variance of protein number and y, = N, its mean. It is important to empha-
size that protein abundance must double between birth and cell division in symmetrically
dividing cells during steady state growth. The protein abundance should therefore be inter-
preted either as expression per unit volume [2] or the abundance associated with cells of a
defined volume [1].

The coefficient of variation is inversely related to protein abundance and therefore low-copy
proteins have the highest noise [22, 23, 13, 19, 2, 1]. The challenge faced by the cell is that
many essential proteins, strictly required for cell growth, are relatively low abundance. How
does the cell ensure sufficient protein abundance in spite of cell-to-cell variation in protein
number? It would seem that growth robustness demands that, for essential proteins, the

mean should be greater than the standard deviation:
2
CV, <1, (2.2)

in order to ensure that protein abundance is sufficiently high enough to avoid growth arrest

(see Fig. 2.1). To what extent do essential proteins obey this noise threshold?



2.3.2  Canonical models fail to characterize noise

Noise has been argued to be proportional to inverse protein abundance (e.g. [13, 14, 20]):
2 -1
CV, o, (2.3)

for low abundance proteins, motivated both by theoretical and experimental results [20, 2]

and in some cases obeying a low-translation efficiency limit [2]:
2 -1
CV, ~ . (2.4)

Can this model be used to make quantitative predictions of the noise? F.q., is the scaling
of Eq. 2.3 correct? Can the coefficient of proportionality be predicted? Although Eq. 2.3
appears to describe E. coli quite well [2], the situation in yeast is more complicated '. To
analyze the statistical significance of the deviation from the canonical noise model in yeast,

we can fit an empirical model to the noise [22, 23]:
2_ b
CV, = e T (2.5)

In the null hypothesis, a = 1 (canonical scaling), while b and ¢ are unknown parameters. ¢
corresponds to the noise floor.
In the alternative hypothesis, the maximum likelihood estimate (MLE) of the empirical

noise model (Eq. 2.5) parameters are (Fig. 2.2):

a = 0.57+0.02, (2.6)
b = 3.0+0.5, (2.7)
¢ = 0.013+0.001, (2.8)

! Although there have been claims that Eq. 2.3 is consistent with the data [20], these authors did not fit
competing models, nor did they perform a proteome-wide analysis of protein abundance and noise.
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Figure 2.2: Yeast noise from fit against canonical noise model, with a noise floor.
Yeast noise data from [1] fit with the 2- (null hypothesis CV2 = % + ¢) and 3- parameter
P

(alternative hypothesis CVf) = H—ba + ¢) models.
P

where the parameter uncertainty has been estimated using the Fisher Information in the
usual way using the MLE estimate of the variance.

The canonical model fails to fit the noise data for yeast as reported by Newman et al. [1]:
The null hypothesis is rejected with p-value p = 6 x 1073, The model fit to the data is
shown in Fig. 2.4. The estimated scaling exponent for protein abundance in the alternative
hypothesis is a = 0.57 £+ 0.02. As shown in Fig. 2.4, even from a qualitative perspective,
the scaling of the yeast noise at low copy number is much closer to p, /2 than to canonical
assumption i, 1 (Eq. 2.3). In particular, above the detection threshold, the noise is always
larger than the low-translation efficiency limit (Eq. 2.4).

The noise model parameters were also determined for E. coli:

a = 1224001, (2.9)
b = 1.27+0.02, (2.10)

c = 0.154 £0.002, (2.11)
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Figure 2.3: Three-parameter fit to E. coli noise. Noise as a function of protein

abundance from [2] was fit to the 3-parameter noise model (Eq. 2.5). From the fit, protein

noise scales proportionally with s, 122 which is a close result to the canonical model with
~1
[

with the corresponding fit shown in Fig. 2.3. Since a is close to 1, the canonical model with

a =1 (Eq. 2.3) is a reasonable approximation for the noise in E. coli.

2.3.8 Stochastic kinetic model for central dogma.

To understand the failure of the canonical assumptions, we revisit the underlying model.
The central dogma describes multiple steps in the gene expression process?: Transcription
generates messenger RNA (mRNA) messages [24] which are then translated to synthesize
the protein gene products [24]. Both mRNA and protein are subject to degradation and
dilution [25]. (See Fig. 2.5A.) At the single cell level, each of step of the central dogma

is stochastic and expected to be a Poissonian process. We model these processes with the

2The central dogma describes the flow of information, and includes reverse transcription and DNA
replication; however, we are not concerned with these processes in this analysis as they are not directly
involved in gene expression.
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Figure 2.4: A non-canonical scaling is observed for gene-expression noise in yeast.
The protein expression noise (CV?2) for yeast scales like p1, 12 (violet) rather than the canoni-
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Figure 2.5: Panel A: Kinetic model for the central dogma. The central dogma is a
stochastic-kinetic model for protein synthesis, described by four gene-specific rate constants:
the transcription rate (8,,), the message degradation rate (7,,), the translation rate (5,),
and the dilution rate (v,). Panel B: Statistical model for the central dogma. The
predicted distribution in protein abundance is described by a gamma distribution, which
is parameterized by two unitless constants: the shape parameter p,,, the mean number of
messages transcribed per cell cycle, and the scale parameter €, the mean number of proteins
translated per message. Panel C: Message number. The message number (fi,,,) is defined
as the mean total number of messages (dark blue) transcribed per cell cycle. Here, four total
messages are transcribed and translated to protein (light blue); however, due to message
degradation, at time ¢, only one message is present in the cell. Cellular message number
(ftm/c) is defined as the mean number of messages per cell at time .
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stochastic-kinetic scheme [24]:

DNA —" s mRNA —" Protein
'le ’Ypl (212)

%] %]

Y

where 3, is the transcription rate (s7'), 3, is the translation rate (s™1), 7,, is the message
degradation rate (s™!), and =, is the protein effective degradation rate (s™!). The message
lifetime is 7,,, = 7,,'. For most protein in the context of rapid growth, dilution is the dominant
mechanism of protein depletion and therefore v, is approximately the growth rate [26, 27, 2]:
Y = T 'In2, where T is the doubling time. We discuss an alternative description of the

central dogma below.

2.83.4 Statistical model for protein abundance

To study the stochastic dynamics of gene expression, we used a stochastic Gillespie simu-
lation [28, 29]. In particular, we were interested in the explicit relation between the kinetic
parameters (B, Ym, Bp, Vp) and experimental observables. Assuming the lifetime of the cell
cycle (T, = 30 min) [30], mRNA lifetime (7, = 2.5 min) [31], and translation rate (5, ~ 500
hr~!), the protein distributions for several mean expression levels were numerically gener-
ated for exponential growth with 100,000 stochastic cell divisions, with protein partitioned
at division following the binomial distribution.

The gamma distributions for each mean message number with scale and shape parameters
determined by the corresponding translation efficiency and message number (6 = €ln?2,

k = £=) as used for the Gillespie simulation were plotted with the protein distributions:

1 n
p(n|0, k) = nFte o, (2.13)
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« Gillespie simulation —— Gamma distribution model
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Figure 2.6: The protein abundance is approximately gamma distributed. Protein
abundance was modeled for eight different transcription levels using a Gillespie simulation,
including the stochastic partitioning of the proteins between daughter cells at cell division.
The range in abundance matches the observed range of expression levels in the cell. We
observed that the simulated protein abundances were well described by gamma distributions.

confirming that a gamma distribution well describes the simulation (see Fig. 2.6). We also
considered other distributions such as Poisson, which did not match well with our simulation
(see Fig. 2.7).

Consistent with previous reports [13, 19], our simulation confirms that the distribution
of protein number per cell (at cell birth) was described by a gamma distribution: N, ~
['(6r, kr), where N, is the protein number at cell birth and I' is the gamma distribution
which is parameterized by a scale parameter fr and a shape parameter kr. The relation
between the four kinetic parameters and these two statistical parameters has already been

reported, and have clear biological interpretations [19]: The scale parameter:

fr =eln2, (2.14)
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Figure 2.7: The protein abundance is not Poisson distributed. The Poisson distribu-
tion does not accurately model protein abundance.

is proportional to the translation efficiency:

€

B
Lo, (2.15)

where f3, is the translation rate and =, is the message degradation rate. € is understood as
the mean number of proteins translated from each message transcribed. The shape parameter

kr can also be expressed in terms of the kinetic parameters [19]:

kp = Bm. (2.16)

however, we will find it more convenient to express the scale parameter in terms of the

cell-cycle message number:
o = BT = krIn 2, (2.17)

which can be interpreted as the mean number of messages transcribed per cell cycle. Forth-

with, I abbreviate this quantity message number or messages per cell cycle.
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Total number of Average
Model Growth Doubling Message Message messages messages proteins: translation  translation
organism condition time: lifetime: recycling /cell: /cell-cycle: efficiency: rate:
ratio:
T Tm T/Tm Nty Nfot pr“" € By (h71)

Escherichia LB 30 min 2.5 min 12 7.8 x 103 9.4 x 107 3 x 100 32 770
coli
(E. coli) M9 90 min 2.5 min 36 2.4 x 103 8.6 x 104 3 x 106 35 833
Sacchromyced YEPD 90 min 22 min 4 2.9 x 107 1.2 x 10° 5 x 107 420 1100
cerevisiae
(Yeast—
haploid)
Homo Tissue 24 h 14 h 1.7 3.6 x 10° 6.2 x 10° 2 x 10° 3.2 % 10° 230
sapiens
(Human,)

Table 2.1: Central dogma parameters for three model organisms. Columns three
through seven hold representative values for measured central-dogma parameters for the
model organisms described in the paper.

In terms of two gamma parameters, the mean and the squared coefficient of variation are:

fp = krOr = fime (2.18)
2 1 In2

where the noise depends on the message number (f,,,), not the mean protein number (f,).
(Eq. 2.19 only applies when £ > 0 [13, 19].) Are these theoretical results consistent with the
canonical model (Eq. 2.3)? We can rewrite the noise in terms of the protein abundance and

translation efficiency:

Cv? — aln2’

p Hp

(2.20)

which implies that the canonical model only applies when the translation efficiency (¢) is

independent of expression ().

2.3.5 Measuring the message number

The prediction for the noise (Eq. 2.19) depends on the messages per cell cycle (p,).
However, mRNA abundance is typically characterized in literature by a closely related, but

distinct quantity: quantitative RNA-Seq and methods that visualize fluorescently-labeled
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mRNA molecules typically measure the instantaneous number of messages per cell [16]. We
will call the mean of this number the cellular message number iy, /.. In the stochastic-kinetic

model, these different message abundances are related:

by the message recycling ratio, T7'/7,,, which can be interpreted as the average number of
times messages are recycled during the cell cycle. Thus, message number pu,, represents the
instantaneous cellular message number time-averaged over the cell cycle. To estimate the
message number, we will scale the observed cellular message number i,/ by the message
recycling ratio, using the mean message lifetime. Fig. 2.5C illustrates the difference between
the message number and the cellular message number. The mean lifetimes, message recycling

ratios, as well as the total message number for three model organisms are shown in Tab. 2.1.

2.3.6 Construction of an empirical model for protein number

To model the noise as a function of protein abundance (y,), we will determine the empirical
relation between mean protein levels and message abundance by fitting to Eq. 2.18. Note that
the objective here is only to estimate ji,,, from 1, not to model the process mechanistically
(e.g. [32].) The message numbers are estimated from RNA-Seq measurements, scaled as
described above (Eq. 2.21). The protein abundance numbers come from fluorescence and
mass-spectrometry based assays [1, 3], with overall normalization chosen to match reported
total cellular protein content.

The protein abundance data for yeast grown in rich YEPD media and measured with flow
cytometry fluorescence [1] were given in arbitrary units (AU). In order to convert from AU to
protein number, the fluorescence values were rescaled by comparing with mass-spectrometry
protein abundance data for yeast grown in rich YNB media [3]. Since the protein abun-
dance from mass-spectrometry was given in terms of Intensity, the Intensity values were first

rescaled by the total number of proteins in yeast, 5 x 107. The mass-spectrometry protein
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Figure 2.8: Fit to rescale fluorescence intensity to protein number. Protein abun-
dance from flow cytometry fluorescence [1] as a function of mass-spectrometry scaled abun-
dance [3]. The mass-spectrometry data was thresholded at 10 proteins, and then a linear fit
was performed to find the offset of 3.9, which was used to convert protein fluorescence AU
to number.

data was thresholded at 10 proteins, based on the assumption that the noise of the data for
10 and fewer proteins makes the data unreliable. Next, the log of the fluorescence protein
abundance in AU as a function of the log of thresholded mass-spectrometry protein abun-
dance was fit as a linear function with an assumed slope of 1 to find the offset, 3.9, (Fig.
2.8) which corresponds to a multiplicative scaling factor (Eqn. 2.23). We then used that
offset value to rescale the fluorescence data from AU to protein number. We also compared

to yeast grown in SD media [1] and found a similar offset result.

log 1%, = mlog S + b (2.22)

pp = b(up™)" (2.23)

The resulting fit generates our empirical translation model for yeast:

py = 8.0, (2.24)
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where both means are in units of molecules. The data and model are shown in Fig. 2.9A.

2.3.7 Prediction of the noise scaling with abundance.

Now that we have fit an empirical model that relates y, and ,,, we return to the problem
of predicting the yeast noise. We apply the relation (Eq. 2.24) to Eq. 2.19 to make a
parameter-free prediction of the noise as a function of protein abundance:

2 —0.48
CV2 = 1.9 1,04, (2.25)

p

Our noise model (Eq. 2.25) makes both a qualitative and quantitative prediction: (i) From
a qualitative perspective, the model suggests that the p, exponent should be roughly % for
yeast, rather than the canonically assumed scaling exponent of 1. (ii) From a quantitative
perspective, the model also predicts the coefficient of proportionality if the empirical relation

between protein and message abundances is known (Eq. 2.24).

2.3.8 Observed noise in yeast matches the predictions of the empirical model.

Newman et al. have characterized protein noise by flow cytometry of strains expressing
fluorescent fusions expressed from their endogenous promoters [1]. The comparison of this
data to the prediction of the statistical expression model (Eq. 2.25) are shown in Fig. 2.9.
From a qualitative perspective, the predicted scaling exponent of —0.48 comes very close to
capturing the scaling of the noise, as determined by the direct fitting of the empirical noise
model (Eq. 2.5 and Fig. 2.4). From a quantitative perspective, the predicted coefficient of
Eq. 2.25 also fits the observed noise.

From both the statistical analysis (Eq. 2.5) and visual inspection (Fig. 2.10C), it is clear
that the noise in yeast does not obey the canonical model (Eq. 2.3). However, the noise in
E. coli does obey the canonical model for low copy messages [2]. (See Fig. 2.10C.) Why does
the noise scale differently in the two organisms? The key difference is that the empirical

relation between the protein and message numbers are different. In E. coli, p, o py, [33].
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Figure 2.9: Panel A: An empirical model for protein number p, in yeast. The
canonical noise model assumes constant translation efficiency, which would imply that protein
number is proportional to the message number (orange); however, the empirical fit (green)
shows that protein number scales close to the square of message number (violet): p, o< u2,.
The protein abundance has a cutoff near 10! due to the autofluorescence cutoff [1]. Panel
B: The statistical noise model predicts the observed noise. The statistical noise
model (Eq. 2.19) and empirical model for protein number (Eq. 2.24) make a parameter-
free prediction of the noise (green). This prediction both closely matches the observed
scaling (o< pp 12 violet) relative to the canonical scaling (o< p "', orange) and quantitatively
estimates magnitude (vertical offset). This prediction does not include the contribution of
noise floor, relevant for describing high-expression proteins.
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Our analysis therefore predicts the canonical model (Eq. 2.3) should hold for E. coli, but not
for yeast, as illustrated schematically in Fig. 2.10C.
In general, the central dogma predicts that the noise will have a coefficient of variation
[13, 19]:
1 eln2

CVim — + , (2.26
Py Hp )

where the first term is not significant whenever the translation efficiency is much greater than
1, e > 1. In both E. coli with average ¢ ~ 30 and yeast with average ¢ ~ 420, this would
seem naively to be the case. However, since translation efficiency in yeast is not uniform,
we must consider its variation for low-expression proteins. We estimate that the detection
efficiency in yeast is roughly 103 molecules. Using Eq. 2.24, we estimate that ¢ ~ 100 at the
low-expression detection limit.

In E. coli, the situation is somewhat more complicated. Unlike yeast, the translation
efficiency is roughly constant (at high to intermediate expression levels) with respect to
expression level [33], and therefore both terms in Eq. 2.26 are expected to scale like the
canonical model (oc 1, 1). However, it is clear that the translation efficiency must significantly
decrease for the lowest abundance proteins. This is visible even in Ref. [33] Fig. 1B, where
the data falls below the predicted protein abundance at low message number. Note that these
mass-spec measurements are not as sensitive as fluorescence-based measurements (e.g. only
64% proteome could be detected [34]). Furthermore, fits to the E. coli noise (Eq. 2.10) are
consistent only with low values of €. At sufficiently high expression levels such that we are

confident about the translation efficiency, the noise is already very close to the noise floor.

2.3.9 Implications of growth robustness for translation

Before continuing with the noise analysis, we shift our focus on the significance of the
empirical relationship between the protein and message numbers (Eq. 2.24). How can the
cell counteract noise-induced reductions in robustness? Eq. 2.18 implies that gene expression

can be thought of as a two-stage amplifier [24]: The first stage corresponds to transcription
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Figure 2.10: Understanding the distinct central dogma strategies using the ampli-
fier analogy. Panel A: Yeast. High expression (y,) is typically achieved by coordinated
small increases in both transcription (u,,) and translation (¢), relative to low-expression
genes. Panel B: E. coli. High expression (u,) is typically achieved by a large increase
in transcription (i,,) only, relative to low-expression genes. Translation (¢) is uncorrelated.
Panel C: Distinct noise scaling with gene expression. Due to the coordinated changes
in both transcription and translation in yeast, noise scaling is weaker than in E. coli, where
only transcription changes. The noise of high-expression E. coli genes is determined by the
noise floor.



22

with a gain of message number ,,, and the second stage corresponds to translation with a
gain in translation efficiency €. (See Fig. 2.10AB.) The noise is completely determined by
the first stage of amplification, provided that € > 0 [13, 19]. Genes with low transcription
levels are the noisiest. For these genes, the cell can achieve the same mean gene expression
(pp) with lower noise by increasing the gain of the first stage (increasing message number)
and decreasing the gain of the second stage (the translation efficiency) by the same factor.
This is most clearly understood by reducing ¢ at fixed p, in Eq. 2.20. Highly transcribed
genes have low noise and can therefore tolerate higher translation efficiency in the interest
of economy (decreasing the total number of messages) [15]. Growth robustness therefore

predicts that the translation efficiency should grow with transcription level.

2.3.10  Translation efficiency increases with expression level in yeast

The translation efficiency (Eq. 2.15) can be determined from the empirical translation

model (Eq. 2.24):

e = 8.0 pu-t (2.27)

as a function of message number. In yeast, the translation efficiency clearly has a strong
dependence on message number f,,, and grows with the expression level, exactly as predicted
by robustness arguments. We note the contrast to the translation efficiency in E. coli, which

is observed to be roughly constant [33].

2.3.11 Implications of growth robustness for transcription.

In addition to the prediction of translation efficiency depending on transcription, a second
qualitative prediction of growth robustness is that essential gene expression should have a
noise ceiling, or maximum noise level (Eq. 2.2), where noise above this level would be too
great for robust growth. The fit between the statistical model and the observed noise has

an important implication beyond confirming the predictions of the telegraph and statistical
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models for noise: The identification of the message number, u,,, as the key determinant
of noise allows us to use this quantity as a proxy for noise in quantitative transcriptome
analysis.

To identify a putative transcriptional floor, we now broaden our consideration beyond yeast
to characterize the central dogma in two other model organisms: the bacterium FEscherichia
coli and Homo sapiens (human). We will also analyze three different transcriptional statis-
tics for each gene: transcription rate (f3,,), cellular message number (fim,/.), and message
number (4,,). Analysis of these organisms explores orders-of-magnitude differences in char-
acteristics of the central dogma, including total message number, protein number, doubling
time, message lifetime, and number of essential genes. (See Tab. 2.1.) In particular, as a
consequence of these differences, the three statistics describing transcription: transcription
rate, cellular message number and message number are all distinct. Genes with matching
message numbers in two different organisms will not have matching transcription rates or
cellular message numbers. We hypothesize that cells must express essential genes above some
threshold message number for robust growth; however, we expect to see that non-essential
genes can be expressed at much lower levels since growth is not strictly dependent on their
expression. The signature of a noise-robustness mechanism would be the absence of essential

genes for low message numbers.

2.3.12 No organism-independent threshold is observed for transcription rate or cellular mes-

sage number

Histograms of the per-gene transcription rate and cellular message number are shown in
Fig. 2.11 for E. coli, yeast, and human. Consistent with existing reports, essential genes
have higher expression than non-essential genes on average; however, there does not appear
to be any consistent threshold in E. coli (even between growth conditions), yeast, or human

transcription, either as characterized by the transcription rate (/3,,) or the cellular message
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Figure 2.11: Transcription in three model organisms. We characterized different gene
transcriptional statistics in three model organisms. In E. coli, two growth conditions were
analyzed. Panel A: The distribution of gene transcription rate. The transcription
rate varies by two orders-of-magnitude between organisms. Panel B: The distribution of
gene cellular message number. There is also a two-order-of-magnitude variation between
cellular message numbers.

number (fi,/.). For instance, the per gene rate of transcription is much lower in human cells

than F. coli under rapid growth conditions, with yeast falling in between.

2.3.18 An organism-independent threshold is observed for message number for essential

genes

In contrast to the other two transcriptional statistics, there is a consistent lower limit, or
floor, on message number (u,,) of somewhere between 1 and 10 messages per cell cycle for
essential genes. (See Fig. 2.12.) Non-essential genes can be expressed at a much lower level.

This floor is consistent not only between FE. coli, growing under two different conditions,
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Figure 2.12: Transcription in three model organisms. Panel A: The distribution
of gene message number. All organisms have roughly similar distributions of message
number for essential genes, which are not observed for message numbers below a couple per
cell cycle. However, non-essential genes can be expressed at much lower levels. Panel B:
Nonessential genes tolerate higher noise levels than essential genes. The floor of
message number is consistent with a noise ceiling of CVIQ, = 0.7 for essential genes (green).
Nonessential genes (red) are observed with lower transcription levels. Panel C: Conserved
transcriptional program for essential genes. The message number per gene (number
of messages transcribed per cell cycle) is roughly identical in E. coli, yeast, and human. We
show this schematically.

but also between the three highly-divergent organisms: E. coli, yeast and human. We will

conservatively define the minimum message number as
e =1, (2.28)

and summarize this observation as the one-message-per-cell-cycle rule for essential gene
expression.

In addition to the common floor for essential genes, there is a common gene expression
distribution shape shared between organisms dependent on the message numbers, especially
for low-expression essential genes. This is observed in spite of the significantly larger number
of essential genes in human relative to E. coli. (See Fig. 2.12.) Interestingly, there is also

a similarity between the non-essential gene distributions for F. coli and human, but not for
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Estimated minimum essential gene
Model Maximum messages messages transcription proteins:
organism essential gene /cell-cycle: /cell: rate:
noise:
max CV7 i Fonie B (hh) pp
E. coli (LB) 0.7 1 0.08 2 30
(M9) 0.7 1 0.03 0.7 30
Yeast 0.7 1 0.2 0.7 400
Human 0.7 1 0.6 0.04 3000

Table 2.2: Estimates of threshold levels for the central dogma in three model
organisms. Estimates for the lower thresholds of transcription statistics as inferred from
our analysis based on the one-message-per-cell-cycle rule.

yeast, which appears to have a much lower fraction of genes expressed at the lowest message

numbers.

2.3.14 What genes fall below-threshold?

We have hypothesized that essential genes should be expressed above a threshold value for
robustness. It is therefore interesting to consider the function of genes that fall below this
proposed threshold. Do functions of these genes give us any insight into essential processes
that do not require robust gene expression?

Since our own preferred model system is F. coli, we focus here. Our essential gene classifi-
cation was based on the construction of the Keio knockout library [35]. By this classification,
10 essential genes were below threshold. Our first step was to determine what fraction of
these genes were also classified as essential using transposon-based mutagenesis [36, 37]. Of
the 10 initial candidates, only one gene, ymfK, was consistently classified as an essential gene
in all three studies, and we estimate that its message number is just below the threshold
(tm, = 0.4). ymfK is located in the lambdoid prophage element el4 and is annotated as
a Cl-like repressor which regulates lysis-lysogeny decision [38]. In A phase, the CI repres-

sor represses lytic genes to maintain the lysogenic state. A conserved function for ymfK is
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consistent with it being classified as essential, since its regulation would prevent cell lysis.
However, since ymfK is a prophage gene, not a host gene, it is not clear that its expression
should optimize host fitness, potentially at the expense of phage fitness. In summary, closer

inspection of below-threshold essential genes supports the threshold hypothesis.

2.3.15 Maximum noise for essential genes.

The motivation for hypothesizing a minimum threshold for message number was noise-
robustness, or the existence of a hypothesized noise ceiling above which essential gene expres-
sion is too noisy to allow robust cellular proliferation. With the one-message-per-cell-cycle

rule, i™™ =1, we can estimate the essential gene noise ceiling using Eq. 2.19:
2
CV, <0.7, (2.29)

for essential genes. Since noise depends only on the message number, we expect to observe

the same limit in all organisms if the message number floor is conserved.

2.3.16 Estimating the floor on central-dogma parameters.

If message number floor is conserved, a limit can be estimated for the floor value on other
transcriptional parameters. Using Eq. 2.21, we can estimate the floor on the cellular message

number (as measured in RNA-Seq measurements):
Himje = 3 (2.30)

for essential genes. Similarly, we can use Eq. 2.16 to estimate the minimum transcription

rate:

Bmin = 1, (2.31)

for essential genes. Again, this result has an intuitive interpretation as the one-message-per-

cell-cycle rule. Finally, we can estimate a floor on essential protein abundance, assuming a
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constant translation efficiency using Eq. 2.18:
= e, (2.32)

for essential genes, where ¢ is the translation efficiency (which we will assume is well approx-
imated by the mean in the context of the estimate). All four floor estimates for each model

organism are shown in Tab. 2.2.
2.4 Discussion

2.4.1 Noise by the numbers.

Although there has already been significant discussion of the scaling of biological noise with
protein abundance [13, 19, 20, 1, 2|, our study is arguably the first to test the predictions
of the telegraph and statistical noise models against absolute measurements of protein and
message abundances. This approach is particularly important for the message number (i),
which determines the magnitude of the noise in protein expression, and facilitates direct
comparisons of noise between organisms as well as identifying the common distributions of

message number for genes, that are conserved from bacteria to human.

2.4.2 Noise scaling in E. coli versus yeast.

A key piece of evidence for the significance of the message number was the observation of
the non-canonical scaling of the yeast noise with protein abundance (Fig. 2.9); however, the
canonical model (Eq. 2.3) does accurately describe the noise in E. coli (see Fig. 2.3). Why
does the noise scale differently? In E. coli, the translation efficiency is only weakly correlated
with the gene expression [33], and therefore the canonical model is a reasonable approxima-
tion. However, we also argued that translation efficiency should grow with expression level.
Why is this not observed in E. coli? Due to the high noise floor in FE. coli, nearly all essential

genes are expressed at a sufficiently high expression level such that the noise is dominated
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by the noise floor [2]. As a consequence, increasing the message number, while decreasing
translation efficiency, does not decrease the noise even as it increases the metabolic load as a
result of increased transcription. (A closely related point has recently been made in Bacillus
subtilis [39], where Deloupy et al. report that the noise cannot be tuned by adjusting the
message number due to the noise floor.) Our expectation is therefore that other bacterial
cells will look similar to E. coli: They will have a higher noise floor and a similar scaling of
noise with protein abundance.

In contrast, due to the lower noise floor, we expect eukaryotic cells to optimize the central
dogma processes like yeast and as a result will have a similar non-canonical scaling of noise
with protein abundance. Although this non-canonical scaling is clear from the abundance
data (Fig. 2.9), there is an important qualification to emphasize: the mechanism that gives
rise to the non-canonical scaling is due to the correlation between translation efficiency and
transcription. Regulatory changes that effect only transcription (i.e. increase p,,) and not
translation (¢) should obey the canonical noise model (Eq. 2.3). This scenario may help
explain why Bar-Even et al. claim to observe canonical noise scaling in yeast [20], studying
a subset of genes under a range of conditions resulting in differential expression levels. The
failure of the canonical noise model (Eq. 2.3) at the proteome level in yeast (Eq. 2.25) is a

consequence of genome-wide optimization of the relative transcription and translation rates.

2.4.3 FEssential versus non-essential genes.

What genes are defined as essential is highly context specific [40]. It is therefore important
to consider whether the comparison between these two classes of genes is informative in the
context of our analysis. We believe the example of lac operon in FE. coli is particularly
informative in this respect. The genes lacZYA are conditionally essential: they are required
when lactose is the carbon source; however, these genes are repressed when glucose is the
carbon source. Our expectation is that these conditionally essential genes will obey the

one-message-per-cell-cycle rule when these genes are required; however, they need not obey
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this rule when the genes are repressed. By analyzing essential genes, we are limiting the
analysis to transcriptionally-active genes, whereas the non-essential category contains both

transcriptionally-active and silenced genes.

2.4.4 Protein degradation and transcriptional bursting.

Two important mechanisms can act to significantly increase the noise above the levels we
predict: protein degradation and transcriptional bursting. Although the dominant mecha-
nism of protein depletion is dilution in F. coli, protein degradation plays an important role
in many organisms, especially in eukaryotic cells [41, 42]. If protein degradation depletes
proteins faster than dilution, the shape parameter decreases below our estimate (Eq. 2.16),
increasing the noise. Likewise, the existence of transcriptional bursting, in which the chro-
matin switches between transcriptionally active and quiescent periods, can also act to in-
crease the noise [11, 43, 17]. Since the presence of both these mechanisms increases the noise
beyond what is predicted by the message number, they do not affect our estimate of the

minimum threshold for p,,.

2.4.5 The biological implications of noise

What are the biological implications of gene expression noise? Many important proposals
have been made, including bet-hedging strategies, the necessity of feedback in gene regulatory
networks, etc [11]. Our analysis suggests that noise influences the optimal function of the
central dogma process generically. Hausser et al. have already discussed some aspects of
this problem and use this approach to place coarse limits on transcription versus translation
rates [15]. The transcriptional floor for essential genes that we have proposed places much
stronger limits on the function of the central dogma.

Although we describe our observations as a floor, a more nuanced description of the phe-
nomenon is a common distribution of gene message numbers, peaked at roughly 15 messages

per cell cycle and cutting off close to one message per cell cycle. Does this correspond to a
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hard limit? We expect that this does not since there are a small fraction of genes, classified
as essential, just below this limit; however, it does appear that virtually all essential genes
have optimal expression levels above this threshold. The common distribution of message
number clearly suggests that noise considerations shape the function of the central dogma

for virtually all genes.

2.4.6 Adapting the central dogma to increased cell size and complexity

Although core components of the central dogma machinery are highly-conserved, there has
been significant complexification of both the transcriptional and translational processes in
eukaryotic cells [44]. Given this increased regulatory complexity, it is unclear how the central
dogma processes should be adapted in larger and more complex cells. An important clue to
this adaptation comes from F. coli proliferating with different growth rates. Although there
are very significant differences between the cellular message number as well as the overall
transcription rate under the two growth conditions, there is very little difference in message
number. In short, roughly the same number of messages are made during the cell cycle, but
they are made more slowly under slow growth conditions.

How does this picture generalize in eukaryotic cells? Although both the total number
of messages and the number of essential and non-essential genes are larger by orders of
magnitude in both yeast and human cells, the distribution of the message number per gene
is essentially the same as E. coli (Fig. 2.12). The conservation of the message number
between organisms is consistent with all of these organisms being optimized with respect to

the same trade-off between economy and robustness to noise.
2.5 Conclusion: Noise is governed by transcription

In this chapter, we have developed a framework to describe gene expression noise in both
prokaryotes and eukaryotes. Using our framework, we confirm that the gamma distribution

describes protein number at steady-state, and as a result, message number quantitatively
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predicts noise. From data, it is observed that noise in E. coli has canonical scaling, while
noise in yeast obeys non-canonical scaling due to the coupling between translation efficiency
and transcription. Finally, we observe the one message rule describing a conserved tran-
scriptional program where various organisms minimize the transcription per cell cycle. The
following chapter explores the significance and rationale for the noise described by the math-
ematical framework, and makes predictions about fundamental principles that shape the

central dogma.
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Chapter 3
PROTEINS ARE OVERABUNDANT!

This chapter is a modified reproduction of ref. [45].
3.1 Author summary

Now that we have established a mathematical framework describing gene expression noise,
we create a model which predicts cellular growth robustness to the noise. For example,
E. coli has over 600 essential proteins that each need to be expressed above certain minimum
threshold levels to avoid failure of essential processes. Our model explores the tradeoff
between growth robustness to noise, and increase in metabolic load from producing extra
protein. A critical input to our model is an asymmetric single-cell fitness landscape, where the
growth rate drops sharply when an essential protein falls below a minimum level, whereas the
growth rate decreases slowly as protein number increases due to an increase in the metabolic
load. A biologist might expect that the cell is a highly evolved organism, and over millions
of years of generations has optimized the level of each protein needed. However, from the
previous chapter, we know that gene expression is noisy! As a consequence, the overall
protein expression level for the population of cells should be much higher than the minimum

threshold level-overabundance.
3.2 Introduction

What rationale determines the optimal transcription and translation level of a gene in
the cell? Protein expression levels optimize cell fitness [46, 47]: Too low of an expression
level of essential proteins slows growth by compromising the function of essential processes

[48, 49], whereas the overexpression of proteins slows growth by increasing the metabolic
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load [50]. This trade-off naively predicts that the cell maximizes its fitness by a Goldilocks
principle in which cells express just enough protein for function [51]; however, achieving
growth robustness is nontrivial, since all processes at the cellular scale are stochastic, in-
cluding gene expression [11]. This biological noise leads to significant cell-to-cell variation in
protein numbers, even for essential proteins that are required for growth [1, 2]. The optimal
expression program must therefore ensure robust expression of hundreds of distinct essential
gene products. This chapter explores the consequences of growth robustness on the central

dogma regulatory program.
3.3 Results

3.3.1 Defining the RLTO Model.

To study the consequences of growth robustness on gene expression quantitatively, we
propose and analyze a minimal model: the Robustness-Load Trade-Off (RLTO) Model.
The model includes three critical components: (i) Protein levels are stochastic and the
single-cell growth rate depends upon them, (ii) gene transcription and translation generate a
metabolic load, and (iii) cell growth is dependent on a large number of essential genes. These
model characteristics result in a highly-asymmetric fitness landscape. The optimization of
expression on this asymmetric landscape predicts new phenomenology absent from previous
models (e.g. [15]).

The protein number N, expressed from gene ¢ is the product of two sequential stochastic
processes: transcription and translation [24], leading to cell-to-cell variation in protein num-
ber, which we will refer to as noise. In our analysis, we will model gene expression using
the canonical steady-state noise model [13]. (See Fig. 3.1A.) In this model, the numbers of
proteins N, for gene i are predicted to be gamma-distributed [19], in close agreement with
observation [2]. The distribution is described by two gene-specific statistical parameters:
message number (ii,,), defined as the mean number of messages transcribed per cell cycle for

gene i, and the translation efficiency (), the mean number of proteins translated from each
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Figure 3.1: The RLTO Model. Panel A: Gene expression processes are stochastic.
The central dogma describes a two-stage stochastic process where genes are first transcribed
into p,,, messages per cell cycle, then translated to ¢ proteins per message, on average.
Panel B & C: A schematic cell lineage tree is shown during exponential growth. For a
specific protein ¢, the cell fill represents protein number N, relative to its threshold number
n, required for cell growth. Panel B: Reducing the mean expression level reduces doubling
time; however, expression noise results in below-threshold cells (red fill) which arrest. Panel
C: Increasing protein expression increases the doubling time. All cells are above threshold
(blue fill). Panel D: The fitness landscape is asymmetric. Growth arrests for protein
number N, smaller than the threshold level n, (red) due to the failure of essential processes.
High expression levels decrease growth rate due to increasing metabolic cost. The relative
metabolic cost of overabundance is small relative to the cost of growth arrest due to the
large size of the total metabolic load N,. Panel E: Gene expression is stochastic.
There is significant cell-to-cell variation in protein abundance (IV,) around the mean level
(fp). Due to this noise, some cells fall below threshold (red). The distribution in protein
number is modeled using a gamma distribution. Panel F: The robustness-load trade-
off determines the optimal expression level. The population growth rate depends on
the distribution of the protein number. The asymmetry of the fitness landscape drives the
optimal expression level far above the threshold level due to the high fitness cost of low

protein abundance.
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message transcribed for gene i. The mean protein abundance is their product: p, = pin,e.
These parameters can be expressed in terms of ratios of the rates of the underlying gene
expression processes, as described in Supplementary Material Sec. 3.7.1.

How should the effect of essential protein expression on growth rate be modeled in the
context of the RLTO model? Much recent work has focused on cellular resource allocation
to functional sectors (e.g. [52]). In this approach, an optimization is performed by the
coordinated modulation of the abundance of all proteins in a particular sector, leading to
a trade-off between functional capacities of the cell. However, in the RLTO model, the
optimization is fundamentally different: We consider the uncoordinated modulation of the
abundance of protein species ¢ due to noise. For these incoherent changes, we generically
expect proteins to exhibit rate-limited kinetics: Increases in the protein number N, above
a threshold level n, has minimal effect on the rate since other chemical species (proteins,
metabolites, etc.) are rate limiting [53]. However, if the protein number N, falls below the
threshold n,, then protein species ¢ becomes rate limiting and leads to a significant slowdown
of the growth rate. In the RLTO model, we coarse-grain the details of this growth slowdown
as growth arrest. (See Fig. 3.1.) There is already some precedent for the use of this type of
threshold (e.g. [54]), but we will demonstrate that the detailed form of the fitness landscape
is not important. (See Supplementary Material Sec. 3.8.) Although sufficiently detailed
knowledge of the relevant molecular and cellular biology could be used to predict the protein
thresholds n,, we will treat these as gene-specific unknown parameters.

As shown in Materials and Methods, the relative cellular fitness with respect to the expres-
sion of gene ¢ can be computed by combining the fitness losses associated with robustness

(Eq. 3.6) and metabolic load (Eq. 3.8):

%_f = _(A"‘NLO)Mm_ﬁ'Y(%’a?ﬁz)’ (3.1)

where the first term represents fitness loss due to metabolic load of transcription and trans-

lation while the second term represents loss due to the arrest of essential processes. 7 is the
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regularized incomplete gamma function and the central distribution function (CDF) of the
gamma distribution. (See Supplementary Material Sec. 3.7.1 and 3.7.2.) In summary, the
model depends only on a single global parameter: the relative metabolic load A and three
gene-specific parameters: the threshold number n,, the message number p,, and the relative
translation efficiency €/Ny. We propose that the cell is regulated to maximize the growth
rate with respect to transcription (message number) and translation (translation efficiency).
The fitness landscape predicted by the RLTO model for representative parameters is shown

in Fig. 3.2A.

3.3.2 RLTO predicts protein overabundance.

The optimal regulatory program (u,, and e values) can be predicted analytically. They
depend on only a single global parameter, the relative load A, and the gene-specific threshold
number n,. Since the threshold number is not directly observable experimentally, we will
instead predict the optimal overabundance o, defined as the ratio of the mean protein number

to the threshold number:

0= ftp/Nyp. (3.2)

As shown in Fig. 3.2C, the RLTO model generically predicts that the optimal protein fraction
is overabundant (o > 1); however, the overabundance is not uniform for all proteins. For
highly-transcribed genes (p,, > 1) like ribosomal genes, the overabundance is predicted to be
quite small (o & 1); however, for message numbers approaching unity, the overabundance is
predicted to be extremely high (o > 1). At a quantitative level, the relation between optimal
overabundance and message number depends on the relative load (A), but its phenomenology

is qualitatively unchanged over orders of magnitude variation in A.

3.8.3  Understanding the rationale for overabundance

To explore both the robustness of the protein overabundance prediction and to understand

its mathematical rationale, we explored a collection of more complex models numerically.
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Figure 3.2: The RLTO model predicts overabundance is optimal. Panel A: Fit-
ness landscape determines optimal message number and translation efficiency.
The fitness loss (s = In kyax/k) is shown as a function of message number (u,,) and trans-
lation efficiency (g). The red dotted curve represents programs where the mean protein
number is equal to the threshold (u, = n,) and the red dot represents the optimal reg-
ulatory program (fi,,, £€). Panel B: Gene-expression noise. Due to the stochasticity
of gene expression processes at equilibrium, the protein number N, is gamma-distributed
[2]. For high-expression genes, expression has low noise and the protein number is tightly
distributed around its mean; however, for low-expression genes, expression is noisy and the
distribution is extremely wide. Panel C: Overabundance is optimal for all genes. For
high-expression genes, low overabundance is optimal (y, ~ n,); however, for low-expression
genes, vast overabundance is optimal (y, > n,). From a quantitative perspective, overabun-
dance depends on the relative load A; however, the qualitative dependence is invariant to
over an orders-of-magnitude range of values.
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The key mathematical feature that drives overabundance is not the assumption of growth
arrest, but rather the strong asymmetry of the fitness landscape: the high cost of protein
underabundance and the low cost of protein overabundance. (See Fig. 3.1EF.) The population
growth rate (Panel F) can be understood qualitatively as the convolution of the single-cell
growth rate (Panel D) with the probability density function (PDF) of the protein abundance
(Panel E). In the RLTO model, this asymmetry is parameterized by the relative load (A),
defined as the relative metabolic cost of transcribing an additional message. Since we estimate
that A < 107, this cost is very low relative to the total metabolic cost of the cell, therefore

we expect this asymmetry, and the prediction of the RLTO model, to be robust.

3.3.4  Owverabundance is observed in a range of experiments

The RLTO Model predicts that all essential proteins are overabundant. In general, the
RLTO model predicts that protein numbers have very significant robustness (i.e. buffering)
to protein depletion. Although this result is potentially surprising, it is in fact consistent
with many studies. For instance, Belliveau et al. have recently analyzed the abundance of a
wide range of metabolic and other essential biological processes, and conclude that protein
abundance appears to be in significant excess of what is required for function [51]. Like-
wise, CRISPRIi approaches have facilitated the characterization of essential protein depletion.
The qualitative results from these experiments are consistent with overabundance: Large-
magnitude protein depletion is typically required to generate strong phenotypes [48, 55, 56].
In particular, Peters et al. engineered a complete collection of CRISPRi essential-gene de-
pletion constructs in Bacillus subtilis. Importantly, when dCas9 is constitutively expressed,
these constructs deplete essential proteins about three-fold below their endogenous expres-
sion levels [48]; however, roughly 80% grew without measurable fitness loss in log-phase
growth despite the depletion. When grouped by functional category, only ribosomal proteins

were found to have statistically significant reductions in fitness [48]. As shown in Fig. 3.2C,

the RLTO model predicts that all but the highest expression proteins are expected to show
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Figure 3.3: A lower threshold for transcription: The one message rule. Panel
A: RLTO predicts the one-message rule. For high-expression genes, overabundance
is low and the message number pu,, is predicted to be comparable to the threshold level
N, (dotted line); however, for low-expression genes there is a lower threshold (u,, > 1)
below which expression is too noisy for robust growth. The threshold is weakly dependent
on relative load A. Panel B: A one-message threshold is observed in E. coli for
essential genes. A histogram shows the distribution of gene message numbers for all
genes (blue) versus essential genes (orange). As predicted by the RLTO model, virtually
all essential genes are expressed above the one-message-per-cell-cycle threshold. Panel C:
The distribution of transcription rates for essential genes. No alignment is observed
between the distributions of transcription rates in three evolutionarily-divergent organisms.
For instance, the per gene transcription rate is significantly lower in human cells relative
to E. coli. Panel D: The distribution of message numbers for essential genes in
three evolutionarily-divergent organisms. The alignment of distributions of message
number per gene between human, yeast, and E. coli (under two distinct growth conditions)
reveals a nontrivial commonality between central dogma regulatory programs. We propose
that the rationale for this alignment is the one-message rule that predicts that all essential
genes must be expressed above one message per cell cycle. Both yeast and E. coli come very
close to satisfying this proposed threshold; however, a greater proportion of genes in human
break the one-message threshold. We speculate that this is due in part to the ad hoc nature
of the essential-gene classification in the context of complex multicellular organisms.
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minimal fitness reductions in response to a three-fold depletion of essential enzymes. The
optimality of protein overabundance explains the paradox of protein expression levels being
simultaneously optimal [46] and in excess of what is required for function [51, 48, 49, 56].
Although this qualitative picture of essential protein overabundance is clear, there has yet
to be a quantitative and detailed measurement of protein overabundance, and in particular,

an analysis of the relationship between protein overabundance and message number.

3.8.5 RLTO predicts a one-message transcription threshold

The RLTO model predicts protein overabundance, but is there a clear transcriptional
signature? To analyze this question, we define the message threshold n,, = p,,/o. (This
parameterization is convenient since it is independent of the translation efficiency.) We can
then analyze the relation between optimal message number and threshold message number,
as shown in Fig. 3.3A. The model predicts that even for genes that have extremely small
threshold message numbers (e.g. n,, = 1072), the optimal message number stays above one
message transcribed per cell cycle. Qualitatively, expressing messages below this level is
simply too noisy even for proteins needed at the lowest expression levels. (See the blue
curve in Fig. 3.2B corresponding to the protein number distribution of p,, = 1.) The model
therefore predicts a lower floor on transcription for essential genes of one message per cell

cycle.

3.3.6 A lower threshold is observed for message number.

To identify a putative transcriptional floor, we first analyzed the transcriptome in Fs-
cherichia coli. We hypothesize that cells must express essential genes above the one-message
threshold for robust growth. The distinction between essential and nonessential genes is
critical in this context, since nonessential genes can be inducibly expressed. For instance, in

E. coli, the lac operon is repressed in the absence of lactose and therefore need not satisfy
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the one-message threshold. The transcriptional threshold is only hypothesized to apply to
genes whose products are required to maintain cell fitness under the measured conditions.

We generated histograms for F. coli growing rapidly on rich media for these two classes of
genes. The message numbers for nonessential genes are widely distributed, with a significant
fraction of genes falling below the one-message threshold; however, only one essential gene
is expressed below the one-message threshold (0.3% of essential genes). (See Fig. 3.3B.) The
threshold is not sharp, but rather a smooth depletion relative to a median of 18 messages
per cell cycle. This observation is consistent with the predictions of the RLTO model.

To further test this prediction, we then analyzed E. coli transcription under slow-growth
conditions. Since these cells are less transcriptionally active, we hypothesized that this
analysis would constitute a more stringent test of the one-message rule. To our surprise,
although the transcription rate is indeed reduced in slow growth, the essential gene message
numbers still satisfy the one-message rule (with a two gene exception, 0.7%), again consistent
with the predictions of the RLTO model. (See Fig. 3.3D.)

Next, we analyzed eukaryotic transcriptomes in Saccharomyces cerevisiae (yeast) and
Homo sapiens (human). For yeast, there is a well-defined notion of essential genes [57].
As predicted, yeast essential genes obey the one-message threshold (with two exceptions,
0.2%). (See Fig. 3.3D.) The interpretation is less clear-cut in human cells: An essential gene
classification has been generated in the context of proliferation in cell culture [58]. In order
to try to capture a generic picture, we average the human transcriptome of cell types. We
find that the vast majority of essential genes obey the one-message rule; however, there are

significantly more genes that break the rule (81 genes, 8%) than in the other organisms.

3.3.7 Message number distribution is conserved

To what extent is this human data consistent with the RLTO model? For human cells,
our test of the one-message rule is too simplistic in two respects: (i) We ignore the signifi-

cant transcriptional differences associated with distinct cell types and (ii) the essential gene
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classification itself is defined by the ability of mutants or knockdowns to proliferate in cell
culture; in marked contrast to the in vivo context where cell proliferation is tightly regulated
[58]. Due to these subtleties, we decided to take a complementary approach: We consid-
ered the distribution of three different transcriptional statistics for each gene: transcription
rate, cellular message number, defined as the average number of messages instantaneously,
and message number (i,,), defined as the number of messages transcribed in a cell cycle.
The RLTO model predicts a one-message threshold with respect to message number, but
not the other two statistics. We therefore predict that the message number distributions
in each organism (E. coli, yeast, and human) should align for low expression genes with
respect to message number, but not for the other two transcriptional statistics. Consistent
with the predictions of the RLTO model, there is a striking alignment of message number
for essential genes between all three model organisms and growth conditions for message
number. (See Fig. 3.3D.) This alignment is non-trivial: It is not observed with respect to
other transcriptional statistics (Fig. 3.3C).

What is the significance of the similarity in the distributions of message number between
organisms? Another strategy for satisfying the one message rule would be for transcription to
be increased. For instance, mammalian cells have about 1000 times the number of proteins
relative to bacterial cells. (See Tab. 3.2.) Omne might therefore naively predict that the
message number should be increased 1000-fold as well. This is not observed. In fact, the
message number distributions of all the model organisms analyzed abut the one message
threshold. The proximity to the threshold suggests that organisms do as little transcription as
possible while satisfying the one message rule. This appears to be a conserved transcriptional

regulatory strategy from E. coli to human.

3.3.8 Translation efficiency is predicted to increase with transcription.

What does the RLTO model predict about how the cell should balance the gene expression

process between transcription and translation? Minimizing transcription (at fixed protein
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Figure 3.4: How are transcription and translation balanced? Panel A: The RLTO
model predicts load balancing. The ratio of the optimal translation efficiency (£) to the
message cost (A) is roughly independent of the relative load (A). The translation efficiency
¢ is predicted to be roughly proportional message number u,,. Panel B: RLTO predicts
the protein-message-abundance relation in yeast. The observed proteome fraction is
compared to two models: the RLTO optimal model (solid red line) and constant-translation-
efficiency model (dotted red line). Both models make parameter-free predictions. The RLTO
optimum predicts the global trend. (Data from Ref. [4].) Panel C: Mammalian proteome
fraction. The RLTO prediction (solid) is superior to the constant-translation-efficiency
prediction (dashed). Panel D: E. coli proteome fraction. In contrast, the constant-
translation-efficiency prediction (dashed) is superior to RLTO prediction (solid).
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abundance) reduces the metabolic load; however, it decreases robustness. Growth rate max-
imization balances these two costs. Quantitatively, the maximization of the growth rate
(Eq. 3.1) with respect to the translation efficiency can be performed analytically, predicting
the optimal translation efficiency, shown in Fig. 3.4A. We provide an exact expression in the
Supplementary Material Sec. 3.7.4; however, an approximate expression for the translation

efficiency is more clearly interpretable:
€~ 0.1\ by, (3.3)

The optimal translation efficiency has two important qualitative features for central dogma
regulation. The first prediction is that as the message cost (\) rises, the optimal transla-
tion efficiency (€) increases in proportion while the message number decreases. We present
evidence for this prediction in the Supplementary Material Sec. 3.7.11.

The second prediction is that the optimal translation efficiency is also approximately
proportional to message number (¢ o< p,,). Therefore, the RLTO model predicts that low
expression levels should be achieved with low levels of transcription and translation, whereas
high-expression genes are achieved with high levels of both. We call this relation between
optimal transcription and translation the load balancing principle. The most direct test of
load balancing is measuring the protein-message abundance relation. Due to load balancing,

the RLTO model predicts protein number (and proteome fraction) to scale like:

fip O fi,, (3.4)

whereas a constant-translation-efficiency model has linear scaling (u, o fi,,,). Computing
proteome fraction, rather than protein number, results in a parameter-free prediction. (See

Supplemental 3.7.12.)
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Figure 3.5: RLTO predicts the magnitude of noise in yeast. The observed gene ex-
pression noise is yeast is shown for essential and nonessential genes. Two protein-message
abundance models are compared to the data: The RLTO model (green) versus the constant-
translation-efficiency (canonical model, orange). The RLTO model predicts both the mag-
nitude of the noise, as well as its scaling with protein abundance. The reduced slope of the
RLTO model is the consequence of load balancing, which reduces the noise for the noisiest,
low-expression genes. (Data from Ref. [1].)

3.3.9  Load balancing is observed in eukaryotic cells.

To test the RLTO predictions, we compare observed proteome measurements in three evo-
lutionarily divergent species, E. coli [33], yeast [4] and mammalian cells [59], to two models:
the RLTO and the constant-translation-efficiency models. The results of the parameter-free
predictions are shown in Fig. 3.4BCD for each organism. The RLTO model clearly captures
the global trend in the proteome-fraction message-number relation in eukaryotic cells and a
direct fit to a power law with an unknown exponent is consistent with Eq. 3.4 (Supplementary
Material 3.10.4).

In E. coli, the constant-translation-efficiency model better describes the data. Why does
this organism appear not to load balance? In the supplementary material, we demonstrate
that the observed translation efficiency is consistent with the RLTO model, augmented by
a ribosome-per-message limit. Hausser et al. have proposed just such a limit, based on

the ribosome footprint on mRNA molecules [15]. (See Supplementary Material 3.7.17.)
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Although this augmented model is consistent with central dogma regulation in E. coli, it
is not a complete rationale. This proposed translation-rate limit could be circumvented by
increasing the lifetime of F. coli messages, which would increase the translation efficiency. A
more in-depth analysis specific to E. coli is needed to understand why the observed message

lifetime is so short.

3.3.10 RLTO model predicts observed noise in yeast.

Although the protein fraction measurements support the RLTO predictions for the trans-
lation efficiency in eukaryotic cells, these measurements do not provide a compelling rationale
for why load balancing maximizes the growth rate. To understand its rationale, we explore
its implications for noise.

In a typical biological context, u,, < € and as a result, noise production is dominated
by the transcription step of the gene expression process [13, 19]. (A table of central dogma
parameters for each model organism appears in the Supplementary Material Tab. 3.2.) Quan-
titatively, the canonical steady-state noise model predicts that the noise should be inversely
related to the message number [13, 19]:

Cv, =22, (3.5)
however, it is the relation between mean protein abundance p, and noise (CVE) which is
typically reported [2, 1]. Based on the scaling of the optimal translation efficiency with
the message number in eukaryotic cells (Eq. 3.3), we find the protein number to scale with
message number (Eq. 3.4), which predicts that noise should scale with protein abundance
CVf) X fip V2 i yeast (see Supplementary Material 3.10.1); however, due to the observed
absence of translation-efficiency scaling in bacteria, the noise should scale as CVIQ) X f, Lin
bacteria, as observed [2]. Does the yeast noise show the predicted scaling? The parameter-
free RLTO noise prediction closely matches the observed noise in both magnitude and scaling,

as shown in Fig. 3.5.
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3.83.11 Reducing noise is the rationale for load balancing.

This noise analysis also provides a conceptual insight into the rationale for load balancing.
The load balanced (RLTO-green) and constant-translation-efficiency (orange) predictions for
the noise are shown in Fig. 3.5. Load balancing results in decreased noise for low-expression,
noisy genes over what is achieved with constant translation efficiency. This decreased noise
is predicted to increase growth robustness. In principle, the noise could be reduced further
by tipping the balance even more towards transcription; however, the RLTO model predicts
that this approach is too metabolically costly, and the optimal strategy is that observed for

noise scaling in yeast.
3.4 Discussion

3.4.1 What are the biological implications of noise?

Many important proposals have been made, including bet-hedging strategies, the necessity
of feedback in gene regulatory networks, etc. [11]. Our model suggests that overcoming
cell-to-cell variation may fundamentally reshape the metabolic budget: Typically, proteins
constitute 50-60% of the dry mass of the cell [50] and therefore overabundance could increase
the overall protein budget by a significant factor. Why does the cell tolerate this significant
increase in metabolic load above what would be predicted by a resource allocation analysis
(e.g. [60])? This strategy dramatically reduces the consequence of stochastic expression of
proteins on the rate of single-cell proliferation.

A second source of stochasticity, environmental fluctuations, has been proposed as a ra-
tionale for overabundance [61], especially in the context of metabolic genes [62]. In short,
cells express protein to hedge against starvation [61] or changes in the carbon source, etc.
[62]. How does this hypothesis compare to our growth robustness hypothesis? There are
some similarities between these environmental-fluctuation models and the RLTO model: In
both models, it is a fluctuations-based mechanism that drives overabundance; however, there

are important distinctions between the model predictions. In the environmental fluctuation
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Figure 3.6: Central dogma regulatory principles. Panel A: Overabundance. Low-
expression essential genes are expressed with high overabundance; whereas, high-expression
essential genes are expressed with low overabundance. Lab supply analogy: Low-cost items
that are used stochastically (e.g. pipette tips) are purchased in great excess, while the higher
cost items that are less stochastic (e.g. pipette) are purchased as needed. Panel B: One-
message rule. Robust expression of essential genes requires them to be transcribed above
a threshold of one message per cell cycle. Panel C: Load balancing. In eukaryotic cells,
optimal fitness is achieved by balancing transcription and translation: The optimal message
number is proportional to the optimal translation efficiency. High (low) expression levels are
achieved by high (low) levels of transcription followed by high (low) levels of translation per
message.
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model, there is a trade-off between log-phase fitness and the rapidity of adaptation [61];
whereas in the RLTO model, overabundance corresponds to the log-phase optimum. Or-
ganisms experiencing prolonged periods of balanced growth would therefore be expected to
reduce overabundance. Furthermore, the environmental fluctuation model most naturally ex-
plains overabundance for proteins related to metabolic processes, whereas the RLTO model
predicts overabundance generically, dependent only on message number, which appears to

be much more consistent with experiments exploring essential-protein depletion [49].

3.4.2  Implications for nonessential genes.

In our analysis, we have focused on essential genes in order to motivate the growth-
threshold in the RLTO model. To what extent do nonessential genes share the same opti-
mization? In support of the proposal that RLTO optima describe nonessential genes is the
success of the model in predicting the translation efficiency for all genes, not just essential
genes. (See Fig. 3.4 and Fig. 3.5.) Furthermore, the definition of a gene as essential de-
pends on context: For instance, in the context of E. coli growth on lactose, the gene lacZ is
essential, although it is nonessential on other carbon sources [63]. Under growth conditions
where the lacZ gene is essential, we predict that LacZ should be overabundant, consistent
with observation [62]. Finally, our modeling suggested that RLTO model phenomenology is
the results of asymmetry of the cost of under versus overabundance. For nonessential genes
whose activity significantly increases fitness, we still expect fitness asymmetry due to the
low relative metabolic cost of increased expression. We therefore expect all gene products,
most especially those with low expression, to be overabundant, under conditions where their

activity increases fitness.

3.4.3 Implications of overabundance for inhibitors.

The generic nature of overabundance, especially for low-expression proteins, has important

potential implications for the targeting of these proteins with small-molecule inhibitors (e.g.
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drugs). For the highest expression proteins, like the constituents of the ribosome, relatively
small decreases in the active fraction (e.g. a three-fold reduction) are expected to lead to
growth arrest [48]. This may help explain why inhibitors targeting translation make such
effective antimicrobial drugs. However, we predict that the lowest expression proteins require
a much higher fraction of the protein to be inactivated, with the lowest-expression proteins
expected to need more than a 100-fold depletion. This predicted robustness makes these

proteins much less attractive drug targets [64].

3.4.4 The principles that govern central dogma regulation.

We propose that robustness to noise fundamentally shapes the central dogma regulatory
program for all genes and predicts a number of key regulatory principles. (See Fig. 3.6.)
For high-expression genes, load balancing implies that gene expression consists of both high-
amplification translation and transcription. The resulting expression level has low overabun-
dance relative to the threshold required for function. In contrast, for essential low-expression
genes, a three-fold strategy is implemented: (i) overabundance raises the mean protein levels
far above the threshold required for function, (ii) load balancing, and (iii) the one-message
rule ensures that message number is sufficiently large to lower the noise of inherently-noisy,
low-expression genes. We anticipate that these regulatory principles, in particular protein
overabundance, will have important implications, not only for our understanding of central
dogma regulation specifically, but for understanding the rationale for protein expression level

and function in many biological processes.
3.5 Methods

3.5.1 RLTO model.

The effect of stochastic cell arrest can be implemented analytically as follows: The prob-

ability of growth is the probability that all essential proteins are above threshold, P,. The
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population growth rate k is [65]:
E=1+p5Py, (3.6)

for a population of cells subject to stochastic arrest with probability 1— P, per cell cycle where
ko is the growth rate of the non-arrested cells. For each gene i, the canonical steady-state
noise model predicts the protein number CDF in terms of message number p,, and translation
efficiency ¢ [13]. Assuming the below-threshold probability is small, the probability that the
cell is below threshold for gene i is:

In P, ; = —ry(bz, =2, (3.7)

In2’eln2

where 7 is the regularized incomplete gamma function and the CDF of the gamma distribu-
tion. (See Supplementary Material Sec. 3.7.2.)

While protein underabundance slows cell growth by the arrest of essential processes,
protein overabundance slows growth by increasing the metabolic load. To implement the
metabolic-load contribution to cell fitness, we use a minimal model that realizes the metabolic
cost of both transcription and translation that is analogous to those previously used in the
context of resource allocation (e.g. [52]). The metabolic load of transcription and translation
of gene 1 is:

k :1_/\+€

o No M (3.8)

where kg is the growth rate in the absence of the metabolic load of gene i, Ny is the total cel-
lular metabolic load, and A is the metabolic message cost. (See the Supplementary Material
Sec. 3.7.2 for a detailed development of the model.) The A-term represents the metabolic
cost of transcription and the e-term represents the metabolic cost of translation of gene 1.
We define the relative load as A = A/Nj as the ratio of the metabolic load of a single message
to the total metabolic cost of the cell. In E. coli, we estimate that A is roughly 107> and it

is smaller still for eukaryotic cells.
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3.6 Conclusion: The cell produces protein in overabundance for growth ro-
bustness to noise

In this chapter, we developed the Robustness-Load Trade-Off (RLTO) model. First, we
input the trade-off from the probability of cell arrest and the metabolic load to compute the
relative growth rate. The model predicts large overabundance for low expression proteins
(subject to high noise, with low cost to produce in excess) and small overabundance for high
expression proteins (subject to low noise, with high cost to produce in excess). Next, upon
optimizing growth rate as a function of message number in the model, we again find the one
message rule predicted from the noise framework. Finally, upon optimizing growth rate as
a function of translation efficiency, the model predicts translation efficiency to change with
transcription, agreeing with our transcription-translation load-balancing principle from the
previous chapter. In the following chapter, I discuss a pipeline tool used to analyze timelapses
of cellular growth. Imaging experiments involving the knockout of essential genes were
performed to demonstrate overabundance; however, essential gene knockouts often result in
unusual cell morphologies. The advances introduced by the pipeline tool allowed for the
quantification of these mutant cells and provided evidence for the overabundance of essential

proteins.
3.7 Supplemental Material: Detailed development of the RLTO model

In this section, we provide a detailed development of the RLTO model. First, we describe
the stochastic kinetic model for the central dogma, which introduces key quantities for the
RLTO model (Sec. 3.7.1). Next, we provide a derivation of the growth rate as a function of the
model parameters (Sec. 3.7.2) as well as other methods (Secs. 3.7.4, 3.7.12, 3.7.15, and 3.7.18).
For each of the results discussed in the main paper, we provide more detailed analyses, which
include both supplemental results (Secs. 3.7.8, 3.7.9, 3.7.11, 3.7.13, and 3.7.16) that support
the story described in the main paper, as well as supplemental discussions (Secs. 3.7.3, 3.7.5,

3.7.6, 3.7.7, 3.7.14, and 3.7.17).
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3.7.1 Methods: Detailed description of the noise model
Stochastic kinetic model for the central dogma.

The canonical steady-state noise model for the central dogma describes multiple steps in
the gene expression process [13, 19, 2]: Transcription generates mRNA messages. These
messages are then translated to synthesize the protein gene products [24]. Both mRNA and
protein are subject to degradation and dilution [25]. At the single cell level, each of these
processes are stochastic. We will model these processes with the stochastic kinetic scheme
[24]:

DNA —2y mRNA —% Protein
| | 39
%} @,
where (3, is the transcription rate (s™'), §, is the translation rate (s™1), 7,, is the message
degradation rate (s7'), and ~, is the protein effective degradation rate (s™'). The message
lifetime is T;,, = 7;,!. For most proteins in the context of rapid growth, dilution is the
dominant mechanism of protein depletion and therefore +, is approximately the growth rate

26, 27, 2]: 4, = T~ 'In2, where T is the doubling time.

Statistical model for protein abundance.

To study the stochastic dynamics of gene expression, we used a stochastic Gillespie sim-
ulation [28, 29]. (See Sec. 3.7.1.) In particular, we were interested in the explicit relation
between the kinetic parameters (5, Ym, Bp,7p) and experimental observables. This frame-
work was largely developed in the first chapter.

Consistent with previous reports [13, 19], we find that the distribution of protein number
per cell (at cell birth) was described by a gamma distribution: N, ~ I'(a,6), where N, is
the protein number at cell birth and I" is the gamma distribution which is parameterized by
a scale parameter 0 and a shape parameter a. (See Sec. 3.7.1.) We refer to this distribution

as the canonical steady-state noise model; The relation between the four kinetic parameters
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and these two statistical parameters has already been reported, and have clear biological

interpretations [19]: The scale parameter:

0 =cln2, (3.10)

is proportional to the translation efficiency:

: (3.11)

™
Il
e

where f3, is the translation rate and =, is the message degradation rate. € is understood as
the mean number of proteins translated from each message transcribed. The shape parameter

a can also be expressed in terms of the kinetic parameters [19]:

_ Bm. (3.12)

"’

however, we will find it more convenient to express the scale parameter in terms of the

cell-cycle message number:
o = BT = aln?2, (3.13)

which can be interpreted as the mean number of messages transcribed per cell cycle. Forth-

with, we will abbreviate this quantity message number in the interest of brevity.

Gene expression statistics.

Assuming the gamma-distributed model, the statistics of the protein distribution can be

written in terms of the gamma distribution parameters. The mean protein number is:

fp = bl = [ty (3.14)
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Figure 3.7: The protein abundance is approximately gamma distributed. Protein
abundance was modeled for eight different transcription rates using a Gillespie simulation,
including the stochastic partitioning of the proteins between daughter cells at cell division.
The range in abundance matches the observed range of expression levels in the cell. We
observed that the simulated protein abundances were well fit by gamma distributions.

or the product of the message number and translation efficiency. The variance in protein

number is:
o2 = ab? = pme’In2, (3.15)
and the coefficient of variation is:
cV: = 2 (3.16)
P p2 :
_ 1_ 2
= =22 (3.17)

which depends on the message number alone.

Gillespie simulation of stochastic kinetic scheme

Protein distributions based on the kinetic scheme defined in Sec. 3.7.1 were simulated
with a Gillespie algorithm, with specific parameter values for E. coli. Assuming the lifetime

of the cell cycle (7' = 30 min) [30], mRNA lifetime (7},, = 2.5 min) [31], and translation rate
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(B, &~ 500 hr~'), the protein distributions for several mean expression levels were numeri-
cally generated for exponential growth with 100,000 stochastic cell divisions, with protein
partitioned at division following the binomial distribution.

The gamma distributions for each mean message number with scale and shape parameters
determined by the corresponding translation efficiency and message number (6 = cln?2,
a = £7) as used for the Gillespie simulation were also plotted with the protein distributions.

We observe an excellent match between these Gillespie simulations and the canonical steady-

state statistical noise model (i.e. gamma function) as shown in Fig. 3.7.

Gamma function and distribution conventions

There are a number of conflicting conventions for the gamma function and distribution
arguments. We will use those defined on Wikipedia. The gamma distributed random variable
X will be written:

X ~TI'(a,0), (3.18)

where a is the shape parameter and 6 is the scale parameter. The PDF of the distribution
is:

pr(zla,0) = e/’ (3.19)

where I'(a) is the gamma function. The CDF is therefore:

Pr(zla,0) — / da’ pr(z’|a, 0), (3.20)
0
= Pr(%]a, 1), (3.21)
z/0 .
_ /O da' £te, (3.22)
= ~(a,z/0), (3.23)

where v is the regularized incomplete gamma function.
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3.7.2  Methods: The deriwation of the RLTO growth rate
The metabolic load of protein and the resource allocation model

To model the effect of the metabolic load on cell growth, we will expand on a model used
by Hwa and co-workers [52]. For conciseness, we will call the original model the resource
allocation model.

Consider a cell where the total number of proteins in the cell is N. The synthesis of
these proteins requires two sets of processes: (i) the metabolic processes responsible for
synthesizing the precursors (i.e. amino acids, etc) and (ii) the translation process. Proteins
involved in the metabolic processes be referred to as the P sector and number Np. The
proteins involved in the translational process will be referred to as the R sector and number
Ng. In addition to the P and R sectors, there is a third Q sector with protein number Ny.

The total protein number per cell is therefore:

N = Ng + Np + No. (3.24)

The proteome fractions are defined ®x = Nx /N and have the normalization condition:

1=®p+®p + B (3.25)

The key assumption in the resource allocation model is that the abundances of the R and P
sectors can change in size to accommodate changes in the nutrient quality and translation
load associated with a particular growth condition [52]. In contrast, the Q sector has a fixed
proteome fraction, @, irrespective of growth conditions. In the resource allocation model,
the size of these adjustable R and P sectors are chosen to optimize the growth rate k.

The condition for balanced growth requires that the overall protein output of the transla-

tion process match the growth rate:

kN = kpN.x, (3.26)
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where kg is the effective translation rate per protein and N,g is the number of productive

R sector proteins, which is subset of the total number Ng:
Ngr = Nig + Nog, (3.27)

and Nyg represents unproductive R sector protein. We can rewrite Eq. 3.26 in terms of the

proteome fraction:

k= /{?R((PR — (I)OR)‘ (328)

In the expression above, we will assume that the parameters kr and ®gr are fixed, but the
total fraction @y is chosen to optimize the growth rate k.
For any productive sectors i, we will write analogous equations to Eq. 3.28 linking sector

fraction size ®; to function:

where, as before, ®y; represents a fixed-size fraction of unproductive protein.
To determine the unknown optimum growth rate and sector sizes, Eq. 3.29 can be re-
written:

and then summed over all sectors (excluding Q):

O, =k» k', (3.31)

i#Q

where we define the total productive fraction of the proteome:

0, =) ., =1-, (3.32)
i#Q
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and @, represents the total fraction of unproductive protein:

Dy = Do + Y ;. (3.33)
i#Q

including the entire Q sector. Since ®g and the ®(; are all assumed to be fixed, Eq. 3.31
determines the growth rate. (In E. coli, Hwa and coworkers estimate that &, ~ 0.55.)

To understand the meaning of Eq. 3.31, we first define an ideal growth rate as

Figeas = > ki ", (3.34)

i#Q

which would be the growth rate in the absence of unproductive protein; however, due to
the presence of the unproductive protein, the growth rate is proportional to the productive
fraction:

k= kidea1 @ (3.35)

The optimal protein fractions can be determined using Eq. 3.30:

How does the growth rate change when the unproductive protein fraction is changed by

0P? The productive fraction is reduced:
o, — P =, — 5. (3.37)
The ratio of the new growth rate &k’ to the original is therefore:

o122 (3.38)
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Note that our generalized resource allocation model is written for arbitrary number of func-
tional sectors ¢ # ) and the key determinant of the change in growth rate is the fraction of

productive protein ®,. This equation will be used to model the fitness cost of the metabolic

load.

The metabolic load of mRNA

What is the cost of transcription? It is perhaps useful to first consider the estimates of

biosynthetic cost of macromolecules in the cell in descending order in E. coli [12]:

Macromolecule Biosynthetic cost

(10° ATP)
Protein 4.5
Phospholipid 3.2
RNA 1.6
Lipopolysaccharide 3.8
DNA 0.35
Peptidoglycan 0.17
Glycogen 0.03

So clearly the cost of RNA is itself not insignificant. Although a significant fraction of the
RNA is rRNA rather than mRNA, the mRNA itself in E. coli undergoes multiple rounds of
transcription due to its short lifetime, increasing its cost to what is required to synthesize the
molecules observed in the E. coli cell at any time ¢. Furthermore, transcription is dependent
on protein enzymes, which themselves must be synthesized. We therefore conclude from this
estimate that the cost of transcription is likely a significant determinant of the metabolic
load.

Experimentally, Kafri and coworkers have measured the fitness cost of transcription and
translation independently using the DAmP (Decreased Abundance by mRNA Perturbation)

system in Saccharomyces cerevisiae [66]. As expected, they report that the metabolic cost
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of transcription is comparable to translation and that the reduction in growth rate is linear

in transcription, in close analogy to Eq. 3.38.

Metabolic load in the RLTO model

To produce a minimal model to study the trade-off between robustness and metabolic
load, we must consider both the metabolic cost of transcription and translation. We will

write that the metabolic load (in protein equivalents) associated with gene i is:

5NZ = Aﬂm,z + Hp.i (339)

where )\ is the message cost, the metabolic load associated with an mRNA molecule relative
to a single protein molecule of the gene product. fi,,; is the mean number of messages
transcribed per cell cycle (mRNA molecules per cell cycle) for gene . 11, ; is the mean number
of protein translated per cell cycle for gene i. We will describe the mean protein number in

terms of the translation efficiency e;, the number of proteins translated per message:

Hpi = Eillm,i- (340)

How does the cell growth rate change due to the metabolic load associated with the

expression of gene 1?7 The change in the metabolic load is:

6b; = N, (3.41)

where N represents the total metabolic load of all components of the cell, in units of protein

equivalents. Using Eq. 3.38, the resulting change in growth rate is:

ko1 _ OAeidimi

ko PN ) (342)

where kg is the growth rate in the absence of the metabolic load of gene 1.
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In our analysis, the exact size of the total metabolic load N will not be important. In
the interest of simplicity we will therefore adsorb the productive fraction ®, into an effective
total metabolic load:

Ny = O,N, (3.43)

and write a concise relation between the load from gene i and the growth rate:

k_ko —1_ (>\+&X'7)Olim,i' (3.44)

This equation has an intuitive interpretation: growth slows in proportion to the relative
added metabolic load. Since ®, is order unity, we will ignore the distinction between the N
and Ny quantities hence forth.

Although the global parameters Ny and A provide an intuitive representation of the model,
the relative growth rate depends on fewer parameters. Let k£ and ko be the growth rates in

the presence and absence of the metabolic load of gene i. The relative growth rate is:
=1 (At B, (3.45)

where we have introduced two new reduced parameters: the relative load, defined as A =
A/Ny, represents the ratio of the metabolic load of a single message to the total load and
the relative translation efficiency, defined E; = ¢;/Ny, which is the ratio of the number of
proteins translated per message to the total metabolic load Ny. (Note that due to the high
multiplicity No > (X + &;)m, we can ignore the distinction between Ny and N{ in the
denominator.) If we neglect the difference between the total metabolic load and the number

of proteins, the proteome fraction for gene i is:

Q; = Ejfim,;- (3.46)
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Both reduced parameters, A and E; are extremely small. In E. coli, we estimate that both

A and E; are roughly 1075 and they are smaller still for eukaryotic cells. (See Sec. 3.7.18.)

Growth rate with stochastic arrest

For completeness, we provide a derivation of the growth rate with stochastic cell-cycle
arrest that we have previously described [65]. Starting from the exponential mean expression

for the population growth rate [65]:
k=12 (3.47)

2
T

where k is the population growth rate and
— 1
T= ~z InEr exp(—kT), (3.48)

is the exponential mean, where 7' is the stochastic cell cycle duration and E is the expectation
operator [65]. We take a coarse-grained model which considers changes in growth rate due
to fluctuations in protein number to be negligible. Note that Eq. 3.48 is equivalent to the
FEuler-Lotka equation [67, 68].

Let P, be the probability of growth. When the cells are growing, the cell cycle duration
7 is determined by the metabolic load predictions (Eq. 3.44). The probability mass function

is therefore:

P+, t=r1
pr(t) = : (3.49)
(1-Py), t— o0

Evaluating the expectation in Eq. 3.48 gives:
T=—-klnP, +1. (3.50)

Using Eq. 3.47, we can solve for the growth rate k:

k=71"1In(2P,). (3.51)
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Figure 3.8: Four perspectives on the fitness landscape. In each landscape, the red
circle represents the fitness optimum. The red dotted line represents the mean protein
number equal to the protein threshold n, = 10%. Here, fitness is quantified by the log growth
rate: $ = Inkya/k. Panel A: Mean protein number versus noise. Panel B: Mean
protein number versus translation efficiency. Panel C: Mean message versus
protein numbers. Panel D: Message number versus translation efficiency.

As expected, the growth rate goes down as the probability of growth P, decreases, stopping
completely at P, = 1. We can then compute the ratio of the growth with (k) and without

arrest (ko):

L=1+LIP,. (3.52)

where kg is computed by evaluating Eq. 3.51 at P, = 1.
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RLTO growth rate

In the RLTO model, we will assume the probability of growth is the probability that all
essential protein numbers are above threshold. We will further assume that each protein

number is independent, and therefore:

Py = [[Pr{Nyi > npa}, (3.53)
ie€
where £ is the set of essential genes. Clearly, this assumption of independence fails in the
context of polycistronic messages. We will discuss the significance of this feature of bacterial
cells elsewhere, but we will ignore it in the current context.
As we will discuss, the probability of arrest of any protein ¢ to be above threshold is
extremely small. It is therefore convenient to work in terms of the CDFs which are very

close to zero:

Py = Y In(l—Pr{N,; <np,}), (3.54)
€€
~ =) Pr{N,; <y}, (3.55)
€€
= —> U ), (3.56)
€€

where 7 is the regularized incomplete gamma function and the CDF of the gamma distribu-

tion (see 3.7.1 and 3.7.1).

When the In approximation is avoided...

The approximation discussed in the previous section is extremely well justified at the
optimal central dogma parameters; however, there are a set of figures where we cannot use
it. In the fitness landscape figures (Fig. 3.8), we compute the fitness not just at the optimal

values but far from them. When cell arrest has a large effect on the growth rate, we cannot
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approximate the natural log with a series expansion, and we must use the full expression in
Eq. 3.54.
Single-gene equation

By summing the fitness losses from the metabolic load and cell arrest (Egs. 3.44, 3.52, and
3.56), we can write an expression for the growth rate including contributions from essential

gene i:

— (e, 2, (3.57)

In2 In2’eln2

where the second term on the RHS represents the fitness loss due to the metabolic load
and the third term represents the fitness loss due to stochastic cell arrest due to protein ¢
falling below threshold. The fitness landscape for different gene expression parameters is
shown from four different perspectives in Fig. 3.8. From this point forward, we will drop the

subscript ¢ for the sake of brevity unless otherwise noted.

Summary of RLTO parameter values for figures

The parameter values for the RLTO model used for each figure in the paper are shown in

Tab. 3.1.

3.7.8 Discussion: The fitness landscape of a trade-off.

The fitness landscape predicted by the RLTO model for representative parameters is shown
in Fig. 3.8. The figure displays a number of important model phenomena: There is no growth
for mean protein number i, below the threshold number n,, and for high noise, p, must be
in significant excess of n,. Rapid growth can be achieved by the two mechanisms: (i) high

expression levels (11,) are required for high noise amplitude (CV2) or (ii) lower expression
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Figure Relative load: Protein cost: | Protein threshold: Message number: Translation efficiency: | Noise floor
number A A np Lm € Co
and panel: (No units) (molecules™) (molecules) (molecules/cell cycle) (No units) (No units)

3.2A 10-° 10 102 Range Range 0
3.2C Range NA Range Local optimum Local optimum 0
3.4A Weak dependence (107°) NA Range Local optimum Local optimum 0
3.4B Weak dependence (1075) NA Range Local optimum Local optimum 0
3.4C Weak dependence (1075) NA Range Local optimum Local optimum 0
3.4D Weak dependence (107°) NA Range Local optimum Local optimum 0
2.9 Weak dependence (107°) NA Range Local optimum Local optimum 0
3.8A 10~° 10 10? Range Range 0
3.8B 10-° 10 102 Range Range 0
3.8C 107 10 102 Range Range 0
3.8D 1073 10 10? Range Range 0
3.9A Range 10? Range Local optimum Local optimum 0
3.9B Range 102 Range Local optimum Local optimum 0
3.9C Range 102 Range Local optimum Local optimum 0
3.9D Range 10? Range Local optimum Local optimum 0
3.10A Range 10? Range Local optimum Local optimum 0
3.10B Range 10? Range Local optimum Local optimum 0
3.10C Range 10% Range Local optimum Local optimum 0
3.10D Range 102 Range Local optimum Local optimum 0
3.11 10-° NA Range Local optimum 30 0.1
3.12A Range NA Range Local optimum Local optimum 0
3.13 Weak dependence (107°) NA Range Local optimum Local optimum 0
3.15A Range NA Range Local optimum Local optimum 0
3.18B Weak dependence (107°) NA Range Local optimum Local optimum 0

Table 3.1: RLTO model parameters by figure. Range appears if a range of parameters

is used. NA appears if the parameter value is irrelevant.

parameter values in optimized to maximize the growth rate.

Local optimum appears if the
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levels coupled with lower noise. This trade-off leads to a ridge-like feature of nearly optimal
models. The optimal fitness corresponds to a balance between increasing the mean protein
number (u,) and decreasing noise (CVIQ,). This optimal central dogma program strategy
leads to significant overabundance.

3.7.4  Methods: Central dogma optimization

Optimization of transcription and translation (eukaryotes)

The relative growth rate is:

== (A 5 )m — ma (s 5, (3.58)

where v is the regularized incomplete gamma function, which is the CDF of the gamma
distribution and represents the probability of arrest due to gene i. (Note that this equation
is identical to Eq. 3.57 but with the gene subscript i implicit.) We set the partial derivative

of the growth rate with respect to message number equal to zero:
— _AtE 1 i M
0=—-% — (1n2)2771(ﬁ1_2’ o3 (3.59)

where we use the canonical comma notation to show which argument of v has been differen-
tiated. Next we differentiate with respect to the translation efficiency to generate a second

optimization condition:

0=—he + matpra (s #t)- (3.60)

We will work in the large multiplicity limit where the overall metabolic load is much smaller
than the metabolic load associated with any single gene: Ny > (A+£)fi,,. Next, we eliminate

the threshold n, in favor of the optimal overabundance:
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Figure 3.9: Four perspectives on the dependence of optimal overabundance on
relative load A. All these calculations are performed for protein cost A = 100 in order to
give real numbers in molecules per cell. Panel A: Overabundance as a function of pro-
tein number. Overabundance decreases as protein number increases. These calculations
are \ dependent. Panel B: Overabundance as a function of the protein threshold.
Overabundance decreases as protein threshold increases. These calculations are A dependent.
Panel C: Overabundance as a function of translation efficiency. Overabundance de-
creases as translation efficiency increases. These calculations are A\ dependent. Panel D:
Overabundance as a function of message number. Overabundance decreases as mes-
sage number increases. These calculations are \ independent.
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Figure 3.10: Four perspectives on load balancing. All these calculations are performed
for protein cost A = 100 in order to give real numbers in molecules per cell. Panel A:
Protein number versus protein threshold. At high expression levels, the protein number
tracks the protein threshold; however, the one message rule forces the protein number to
threshold for low expression levels. These calculations are A dependent. Panel B: Message
number versus message threshold. At high expression levels, the message number
tracks the message threshold; however, the one message rule forces the message number to
a threshold close to u,, = 1 for low expression levels. These calculations are A independent.
Panel C & D: Message number versus translation efficiency. The optimal translation
efficiency grows almost linearly with the optimal message number. The scaled translation
efficiency (¢/)) is independent of A while the translation efficiency (€) is dependent on A.
The ratio /A has a second interpretation: the load ratio R. R is defined as the metabolic
cost of translation over transcription of the gene.
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in both Egs. 3.59 and 3.60. Eq. 3.60 can now be solved for the optimal translation efficiency:
€= 5(1]1\1[%)2772(&_737 45)- (3.62)

If we reinterpret v as the CDF of the gamma distribution, we can rewrite this equation in

terms of the gamma distribution PDF":
&= D0 pr(p,|Ln 61n2), (3.63)

which will be the optimization equation for the translation efficiency.
To derive the optimization condition for the message number u,,, we substitute Eq. 3.62

into Eq. 3.59:

A2 = ol ) — s (s, 4. (3.64)

The two terms on the RHS can now be collected as the single partial derivative of message
number fi,,:

Aln2 = 0, y(f, ), (3.65)

In2’ 6In2

where the relative load is A = A/Nj.

The two optimization equations are summarized below:

An2 = —0;, y(bn, fo)) (3.66)
E o= &= pr(iml 2,010 2). (3.67)

The optimal overabundance is shown for a range of relative loads in Fig. 3.9. The optimal
translation efficiency and scaled translation efficiency are shown for a range of relative loads

in Fig. 3.10.
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Figure 3.11: Optimal expression levels are buffered. The predicted fitness loss as a
function of protein depletion level and message number for bacterial cells (including the noise
floor). Due to the overabundance phenomenon, all proteins are buffered against depletion,
but low-expression genes are particularly robust due to higher overabundance. The solid
red line represents 1/0, and predicts the range of depletion values for which cell growth is

predicted. The dotted red line represents a three-fold depletion.

Optimization of message number only

Consider the special case of optimizing the message number only at fixed translation

efficiency. Eq. 3.59 is the condition; however, in this case it makes sense to adsorb both

the message and protein metabolic load into a single metabolic load. The optimum message

number satisfies the equation:

A In2 ~ ~
( +]ff?) = _[aﬂm’}/(;um>nm)]ﬁm:4n-

o

We define a modified relative load:

—_ (M o)
N = 052

and substitute this into the optimum message number equation:

A'In2 = —[04,,7(fun, (L) P

o

which is clearly closely related to Eq. 3.65.

(3.68)

(3.69)

(3.70)
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We compare this modified expression to the original for optimum overabundance as a
function of message number in Fig. 3.2C and demonstrate that the two make nearly identical

predictions.

Inclusion of the noise floor
In bacterial cells, the noise is dominated by the noise floor for high expression genes.
Including the noise floor, the coefficient of variation squared is ([2] and Sec. 3.10):

CV, = a(pm) " = 12 + Gy, (3.71)

where Cy = 0.1 for bacterial cells [2]. In spite of the addition of noise from the noise floor,
the observed distribution of protein number is still well described by the gamma distribution
2]; however, we need to modify the statistical parameters to account for the noise floor. (See
the definition of the statistical noise model in Sec. 3.7.1.) The modified gamma parameters

are:

a = a, (3.72)

0 = e— (3.73)
chosen such that the noise is determined by Eq. 3.71 but the protein number remains:

Hp = EHm, (3.74)

the product of the message number and translation efficiency.

The qualitative effect of the noise floor is to increase the noise, especially for low-copy
messages. Above u,, = 7 messages, the noise is dominated by the noise floor. Increases in
transcription above this point have little effect on reducing the noise. As a consequence, the

overabundance stays high, even for high copy messages. We compare this modified expression
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to the original for optimum overabundance as a function of message number in Fig. 3.2C and
demonstrate that bacterial cells are predicted to have much higher overabundance at high

expression levels.

3.7.5  Discussion: Understanding the rationale for overabundance

Essential protein overabundance is the signature prediction of the RLTO model. Its math-
ematical rationale is the highly-asymmetric fitness landscape. To understand why we expect
this rationale to be generic, consider the form of the optimization condition for message

number:

Aln2 = — 50 (o o). (3.75)

In2’ 6In2

The growth rate is maximized when the probability of slow-growth (e.g. arrest) is roughly
equal to the relative load of adding one more message. Since the cell makes roughly 10°
messages per cell cycle, the relative load is extremely small and therefore the probability of
slow growth must be as well. Making this probability very small requires vast overabundance
for the inherently-noisy, low-expression proteins.

The reason we expect the RLTO model protein abundance predictions to be robust is that
we generically expect the fitness cost of overabundance to be small due to the high multiplicity

(i.e. total number of genes); whereas, the fitness cost of arrest of essential processes is very

high.

3.7.6 Discussion: RLTO predicts larger overabundance in bacteria.

There are two distinctive features of bacterial cells that could affect the model predictions:
(i) the translation efficiency is constant [33] and bacterial gene expression is subject to a
large-magnitude noise floor that increases the noise for high-expression genes [2]. The opti-
mization of message number at fixed translation efficiency does result in a slightly modified
optimization condition for the message number (Sec. 3.7.4); however, the predicted overabun-

dance is only subtly perturbed (Fig. 3.2C). In contrast, the noise floor increases the predicted
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overabundance, especially for high-expression proteins. As a result, the RLTO model pre-

dicts that the vast majority of bacterial proteins are expressed in significant overabundance.

(See Fig. 3.2C.)

3.7.7 Discussion: RLTO predicts proteins are buffered to depletion.

A principle motivation for our analysis is the observation that many protein levels appear
to be buffered. To explore the prediction of the RLTO model for protein depletion, we first
computed the optimal message numbers and translation efficiencies for a range of protein
thresholds. To model the effect of protein depletion, we computed the change in growth
rate as function of protein depletion (equivalent to a reduction of the translation efficiency
relative to the optimum.) The growth rate is shown in Fig. 3.11 for the RLTO model with
parameters representative of a bacterial cell. (See Sec. 3.7.4.)

In general, the RLTO model predicts that protein numbers have very significant robustness
(i.e. buffering) to protein depletion. This is especially true for low expression proteins that
are predicted to have the largest overabundance. For these genes, even a ten-fold depletion
leads to very subtle reductions in the growth rate. For a three-fold reduction in the growth
rate, only the very highest-expression genes (e.g. ribosomal genes) are expected to lead to

qualitative phenotypes.
3.7.8 Results: Detailed development of load balancing

Prediction of the optimal load ratio.

The two-stage amplification of the central dogma implies that the expression and noise
levels can be controlled independently by the balance of transcription to translation. How
does the cell achieve high and low gene expression optimally, and how does this strategy

depend on the message cost?
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To understand the optimization, we first define the load ratio R for a gene as the metabolic

cost of translation relative to transcription:

R = ﬁ = 3. (3.76)
In Sec. 3.7.4, we show that the optimal load ratio is:
R = g pr(iml 5 519): (3.77)

where pr is the PDF of the gamma distribution. The optimal load ratio is shown in
Fig. 3.10C.

The dependence of the optimal load ratio R on A is extremely weak, but it is strongly
dependent on message number. As a result, for low transcription genes (p,, < 10), the
metabolic load is predicted to be dominated by transcription; whereas, for highly transcribed
genes (p,, > 10), the metabolic load is dominated by translation. These predictions are

robust since they are independent of the relative load A.

Measurements of the load ratio

Unfortunately, there is somewhat limited data to which to compare the model. The best
source we found was Kafri et al. [5] who analyzed the differences in fitness between tran-
scription and transcriptional-and-translation of a fluorescent protein driven by the pTDH3
promoter in yeast. This promoter is one of the strongest in yeast. Based on the RLTO
model, we would predict this promoter to have a very high translation efficiency and there-
fore a large load ratio; however, the translation efficiency is much lower than one would
predict based on a global analysis and likewise its load ratio is roughly unity, which based on
the smaller than expected translation efficiency is broadly consistent with our expectations.
A satisfactory test of this prediction will require larger-scale measurements that probe more

representative genes.
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3.7.9 Results: Translation efficiency is predicted to increase with transcription.

Now that we have defined the optimal load ratio (Eq. 3.77), the equation for optimal

translation efficiency can be written concisely:
E=AR or E=AR, (3.78)

where R depends weakly on the relative load A. The RLTO model predicts that optimal
partitioning of amplification between transcription (gain p,,) and translation (gain ¢) has
two important qualitative features: (i) As the message cost () rises, the optimal translation
efficiency increases in proportion. (ii) The optimal translation efficiency is also approximately
proportional to message number (6 < p,,). (See Fig. 3.4A.) Therefore, the RLTO model
predicts that low expression levels should be achieved with low levels of transcription and
translation, whereas high expression genes are achieved with high levels of both. We call

this relation between optimal transcription and translation load balancing.

3.7.10 Results: RLTO predicts that message number responds to message cost

We will first focus on analyzing the implications of the message cost dependence in Eq. 3.78.
At a fixed load ratio, Eq. 3.78 clearly implies that the translation efficiency increases as the
message cost A increases; however, the message number (and load ratio) also respond to
compensate to changes in A. To probe the dependence on message cost in an experimentally
relevant context, consider optimal message numbers in a reference condition (relative load
Ao) relative to a second perturbed condition (relative load A). The predicted relation between
the optimal messages numbers is shown in Fig. 3.12A. The resulting relation between the
optimal message numbers is roughly linear on a log-log plot, predicting the approximate

power-law relation:

ﬂm(A> X ﬂm(AO)a7 (3'79)

describing a non-trivial global change in the regulatory program.
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Figure 3.12: The message cost affects transciption genome wide. Panel A: Mes-
sage number decreases with increased relative load A. The optimal message number
responds to changes in the message cost. The RLTO model predicts an approximate power-
law relation (linear on a log-log plot) between message numbers. Panel B: A power-law
relation is observed. To test whether central dogma regulation would adapt dynamically
as predicted, we analyzed the relation between the yeast transcriptome under reference con-
ditions and phosphate depletion (perturbed), which increases the message cost [5]. (Data
from Ref. [6].) As predicted by the RLTO model, a global change in regulation is observed,
which generates a power-law relation with scaling exponent o = 0.837 = 0.01. The observed
exponent is smaller than one, as predicted by an increased relative load A.
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3.7.11 Results: RLTO predicts the yeast global requlatory response

To test the RLTO predictions, we compared the relative message numbers for yeast growing
under phosphate depletion, which increases the message cost [5], to a reference condition [6].
As predicted, the relative transcriptome data was well described by a power law (Eq. 3.79)
and the observed slope was smaller than one: & = 0.837+0.001, as predicted by the increased
message cost. See Fig. 3.12B.

The observation of this large-scale regulatory change has an important implication: This
response supports a nontrivial hypothesis that the RLTO model not only can predict how
the cell is optimized in an evolutionary sense, but can predict global regulatory responses as
well.

Note that Metzl-Raz et al. [6] also explored conditions that increased the cost of protein;
however, here the predictions of the model are ambiguous. The complication arises due to the
observed decrease in size of the cells in the experimental condition, which decreases the total
metabolic load Ny. As discussed above, the relative load A = \/Nj is the key determinant in
Eq. 3.79; however, even as the relative cost of transcription A decreases in the experimental
condition, the total metabolic load Ny also decreases, making no clear prediction about how

the relative load A changes.
3.7.12  Methods: Prediction of the proteome fraction

Parameter-free prediction of proteome fraction.

We now turn our focus to an analysis of the implications of load balancing: the message
number dependence of the optimal translation efficiency (Eq. 3.78). The most direct test of
this prediction is measuring the relation between proteome fraction and message number.

The RLTO model predicts proteome fraction (Eq. 3.46):

O, = Bjiy, o i1, (3.80)
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where p,, is the observed message number and the optimal relative translation efficiency is
predicted by Eq. 3.78. The proportionality is only approximate but gives important intuition
for how protein number depends on message number in the RLTO model, in contrast to a
constant-translation-efficiency model: ®, oc p,,,. To compare these predictions to protein
abundance measurements, we will renormalize the protein fraction to be defined relative to
total protein number rather than Ny. This renormalization eliminates the A dependence to

result in a parameter-free prediction of the proteome fraction.

RLTO: proteome fraction

Starting from Eq. 3.108, clearly:
fip O fum, pr(fim| 22, 610 2), (3.81)

which can be used to predict the proteome fraction (where we have restored the explicit gene

i subscript):

A

= L
Pi = T (3.82)

where the second subscript is the gene index. To predict the proteome fraction, we computed

the proportionality constant C"

C =Y, [mipr (pm] 525, 010.2)[0—s(, )] - (3.83)

where the message numbers p,,; for gene 7 are the experimentally observed message numbers,
the implicit o; values are predicted by the RLTO model (Eq. 3.65) for message number fi,;

and the sum index ¢ runs over all genes. The predicted optimal proteome fraction is:

z — Hom, i
(I)Pﬂ' =C ! Nm,z’pI‘<Mm,i‘Ea oln 2>|0=5(Mm,i)] ) (384)

which generates the predicted solid curves shown in Fig. 3.4BCD.
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Constant-translation-efficiency model: proteome fraction

For the constant translation efficiency model, we define the normalization:
o= Z [ i (3.85)
and the predicted proteome fraction is:
O =C" s (3.86)
which generates the predicted dotted curves shown in Fig. 3.4BCD.

Sources of experimental data for proteome fraction analysis

For E. coli data, the protein abundance data was generated by mass spec measurements
and the message abundance data was from [33]. For the yeast data, the protein abundance
data is measured by mass spec and message abundances are determined by [4]. For the
mammalian data, we used mouse data. The protein abundance data is measured by mass-
spec and message abundances are determined by [59].

We estimated the message number 1, as described in Sec. 3.9.2. For the mouse data, the
study provided message lifetimes, the cell cycle duration and abundances in molecules per
cell [59]. For the E. coli and yeast, the total number of proteins, messages etc, cell cycle

duration and message lifetimes for each organism and their sources are described in Tab. 3.2.

3.7.13  Results: Load balancing s observed in eukaryotic cells

A non-trivial prediction of the RLTO Model is that translation efficiency and message
number should be roughly proportional. Qualitatively, this strategy allows expression levels
to be increased while distributing the added metabolic load between transcription, which
reduces noise, and translation, which does not affect the noise. We predict the optimal

translation efficiency versus message number which matches the observations in eukaryotic
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cells (Fig. 3.4BC). However, in E. coli, the translation efficiency and message number are
not strongly correlated (Fig. 3.4D). Why does this organism appear not to load balance?
We demonstrate that the observed translation efficiency is consistent with the RLTO model,
augmented by a ribosome-per-message limit. (See Sec. 3.7.15.) Hausser et al. have proposed
just such a limit, based on the ribosome footprint of mRNA molecules [15]. (See Sec. 3.7.17.)
Although this augmented model is consistent with central dogma regulation in FE. coli, it is
not a complete rationale. This proposed translation-rate limit could be circumvented by
increasing the lifetime of E. coli messages which would increase the translation efficiency.
Why the message lifetime is as short as observed will require a more detailed E. coli-specific

analysis.

3.7.14 Discussion: Relation between load balancing and previous results

Hausser et al. have previously performed a more limited analysis of the trade-off between
metabolic load and gene-expression noise [15]. In this section, we will provide some more
context into the differences between the two approaches.

Hausser et al. assume a symmetric (not an asymmetric) fitness landscape and consider only
the metabolic cost of transcription (but not translation). Their model depends on two (not
one) gene-specific parameters: an optimal protein number and a sensitivity, which defines the
curvature of the fitness [15]. The authors maximize fitness with respect to the transcription
rate (but not the translation rate) and the condition they derive depends on the two (not
one) unknown, gene-specific parameters. As a result, this condition is not predictive of global
regulatory trends without non-trivial, gene-specific measurements or assumptions about the
unknown sensitivity.

The Hausser model assumes that the growth rate has the form:

k= ko— %’k”’(Np — Hp)* = koMpun, (3.87)
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where k is the growth rate, and we have rewritten the form of the fitness to better match our
own definitions. Here k" is the second derivative of the growth rate at the optimal protein
number s, and N, is the stochastic protein number. If we take the expectation with respect

to the protein number, we get:
k= k?o — %|k”|0]2, - ]{/’()A/A\/,Lm7 (388)
and substituting the noise model for the variance of the protein number gives:

where Cj is the noise floor, and we have assumed the mean protein number is optimal (1,).
If we maximize the growth rate with respect to pu,,, we get the following condition on the
optimal message number:

~2 _ 1]k"] 2In2
Hom = 9% Hp~A > (3.90)

which depends on the unknown curvature k”. To make global predictions about how tran-
scription and translation are related, some added assumptions are necessary to describe how
k" scales with protein abundance.

To illustrate how this expression does not make explicit global predictions, let’s consider
a number of plausible possibilities. First, we will assume that £” is independent of j, and

on average all proteins are equally sensitive to changes in protein number. In this case, we

find:

fp X fim VA, (3.91)
£ o VA, (3.92)

implying a constant translation efficiency which is inversely proportional to the square root

of the relative load.
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Alternatively, we can assume that k" oc 17 2 and, on average, the cell is equally sensitive
to changes in the relative number of proteins (i.e. Ap/u,), regardless of expression level. In

this case,

fim o< 1/VA, (3.93)
£ oo ppVA, (3.94)

implying a constant message number, irrespective of expression level, and a translation effi-
ciency that is proportional to expression level.

Finally, we will assume that k" o y ! which is the intermediate case. Here:

ny o AZA, (3.95)

é X fimA, (3.96)

implying that translation efficiency should increase with message number, analogous to our
prediction. It appears that Hausser et al. implicitly also favor this model, since they define
their sensitivity parameter to include a power of protein number p,. They justify this
assumption by arguing that since ‘71% X fip, it makes sense to define the sensitivity to noise
to include a factor of p, [15]. At best, this is somewhat fuzzy logic since, as we demonstrate
in the paper, Eq. 3.96 implies that the protein variance does not scale 013 o< !

The authors also propose a lower limit on the translation-transcription ratio; however, their
limit is dependent on the noise floor, which only affects genes with the highest transcription
rates in eukaryotic cells. The implementation of a more appropriate estimate of the noise,

relevant for the vast majority of genes, does not lead to the same limit.
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Figure 3.13: Increased protein cost decreases optimal translation efficiency. A
protein cost of A\, = 1 corresponds to the metabolic cost of protein synthesis only, and is the
minimum protein cost. For larger protein costs, the optimal translation efficiency is lower.
As a result, the A\, = 1 curve represents an upper bound of the optimal translation efficiency.

3.7.15 Methods: Analysis of translational limits € gene-specific load analysis

To explore the consequences of a protein-specific load, we can modify the metabolic load

term in the growth rate equation (Eq. 3.58):
Epm — M\ Epi, (3.97)

which includes an additional parameter: the protein cost A,, which is 1 if the fitness cost
is equal to the metabolic load and greater than one if the cost is higher. We will also treat
the metabolic load per message A as a gene-specific parameter in this section only. The
optimization can be repeated for this augmented model.

To analyze the effect of increased protein load, we modify Eq. 3.58:

& = —(A+ N E)pm — 57 (85, 525), (3.98)

eln2
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to contain the supplemental load factor A, which is unity if the only protein load is metabolic
and A, > 1 if there is additional load (e.g. toxicity). The optimization conditions (Egs. 3.59
and 3.60) become:

A€ forn, n 9
0 = Nop‘S - ﬁml({;—? ﬁ% (3‘ 9)
Apfim n M

Using the same algebraic approach as before, we can derive the same optimal overabundance

and load equations:

Aln2 = —0,, (b=, foy (3.101)
R = gimpr(imlf2,0n2); (3.102)

however, the relation between the load and the translation efficiency now has an extra factor:
Ap:

Mltm A
R= 2l 2 (3.103)

Al

representing the modified total load ratio.

3.7.16 Results: Increased protein-specific cost reduces the optimal translation efficiency.

The relation between the overabundance and message number is unchanged (Eq. 3.75).
This result can be rationalized in the following way: The optimal overabundance is deter-
mined by the noise which is determined by message number only. This relation is unaffected

by the added parameter A\,. However, the optimal translation efficiency is affected:

>

£= 2R, (3.104)

>

P

where R is the optimal load ratio, defined by Eq. 3.78. The optimal curves are shown in
Fig. 3.13.
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How do these added considerations affect the RLTO predictions? First, we consider mes-
sage and protein length. What are the optimal translation efficiencies for two proteins, one
ten times the length of the other, at fixed protein number? In this case, we will assume
that both the transcriptional cost (A) as well as the translational cost (),) increase tenfold.
These increases cancel, resulting in the same optimal translation efficiency since it is only the
relative cost of transcription to translation that is determinative of the translation efficiency.

Now consider a tenfold protein-specific increase in protein cost at fixed message cost and
fixed protein number. The message number and translation efficiency would change by

compensatory factors of 10:

fln = 10+ fip, (3.105)
Em = 15 Em, (3.106)

to maintain the protein number.

Returning to our original motivation, we can understand how genes with a higher protein-
to-message cost migrate downwards and rightwards off the optimal A, = 1 curve, predicting
a cloud versus a narrow strip in proteome fraction measurements shown in Fig. 3.4. If the
relative load A were directly measured, we would expect the predicted optimal translation
efficiency curve for A\, =1 to lie at the top edge of the observed data cloud rather than the
bisecting it. This bisection is the consequence of fitting an effective relative load parameter

to the abundance data in the unaugmented RLTO model.

3.7.17 Discussion: Translation limits in E. coli

A critical assumption in the RLTO model to this point has been that the optimal cen-
tral dogma parameters are realizable in the cell; however, translation can be limited by a
number of different mechanisms. The superior performance of the constant- over the optimal-
translation-efficiency model in E. coli (Fig. 3.4D) suggests that this assumption may not be

satisfied for bacteria. How do translation limits affect the model phenomenology?
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When considering possible limits on translation, there are two natural mechanisms: (i)
ribosome-number limit, where the number of ribosomes in the cell limits translation and
(ii) a ribosome-per-message limit, where the number of ribosomes per message is limiting.
Assuming the ribosome-number-limit mechanism, the original unconstrained optimization
problem can be recast as a constrained optimization problem where the protein cost A, is
reinterpreted as a Lagrange multiplier to constrain the number of proteins translated (e.g.
[69]). In spite of this reformulation, we would still predict the same functional form for
the coupling between the optimal translation efficiency and message number. (I.e. it is still
optimal to have a higher translation efficiency for highly-expressed genes even if the total
number of proteins is fixed.) Therefore, the ribosome-number-limit mechanism cannot be
the rationale for the constant translation efficiency observed in F. coli.

Assuming the ribosome-per-message-limit mechanism, we limit the translation efficiency
to a restricted range of values. If the unconstrained optimum lies above this range, the
optimum is at the maximum limiting value. If the unconstrained optima for all genes lie
above the realizable range, the model predicts a translation efficiency uncoupled from the
message number, as observed. These predictions are consistent with the observed central
dogma regulatory program in E. coli. In added support of this hypothesis, Hausser et al.
have argued that FE. coli translates close to just such a ribosome-per-message limit as a

consequence of the finite ribosome complex footprint on a message [15].

3.7.18 Methods: Estimate of the message cost and metabolic load

We can estimate the message cost A from the known total protein number for yeast and
mammalian cells. (For E. coli this estimate is not possible since the protein cost in not
determinative of the translation efficiency.)

The optimal translation efficiency for gene ¢ is (Eq. 3.63):

£ = xinabr(im|fig, 00 2), (3.107)
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and therefore the optimal protein number for gene i is:
fip = fimé = g ipr (| 23,6 10.2), (3.108)
We define the normalization constant A (where we restore the explicit gene i subscript):

A= Zl ﬂm,z‘ : ﬁpr(ﬂmﬂ‘ %, 0;In 2)7 (3-109)

where we have restored the explicit gene ¢ index running over all genes. Now, by summing
Eq. 3.108, over all genes, we derive an expression for the total protein number N;;Ot in terms

of the message cost A\ and the normalization constant A:
ot
Nt = MA. (3.110)

Solving for the protein cost results in the estimate:

tot
Np

A=

(3.111)

This message cost estimate A can then be plugged into the metabolic load definition:

No= Lo+ Y (A &) ttma, (3.112)
to estimate its size:
No = Lo + AN + Nt (3.113)

where we have ignored the non-protein and non-message contributions to the load (Lo = 0).

Detailed protocol

We first estimate the message numbers, as described in Sec. 3.9.2, from data. For each

gene 7, we set the optimal message number equal to the observed message number and then
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compute the optimal overabundance from the message number using Eq. 3.66. (Since the
result is independent of the assumed A value, we set an arbitrary initial value of A = 1075.)
We then use these single gene optimal message number and overabundances to compute A
using Eq. 3.109. In Eqgs. 3.111 and 3.113, we use the N;* from Tab. 3.2. N;* is computed

by summing the estimated message numbers.

Estimate the message cost and metabolic load in yeast

In yeast, the estimates are:

A = 48x10° (3.114)
A= 1.0x10% (3.115)
No = 6.2x107, (3.116)
A = 1.6x1075, (3.117)
where the data sources are described in detail in Sec. 3.9.1.
Estimate the message cost and metabolic load in human cells
In human cells, the estimates are:
A = 4.3x10° (3.118)
A= 7.1 x10% (3.119)
Ny = 2.4 x10°, (3.120)
A = 29x1077, (3.121)

where the data sources are described in detail in Sec. 3.9.1.
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Estimate of the modified relative load in bacterial cells

In bacterial cells, we will assume a constant translation efficiency model. We therefore use
the modified relative load formula (Eq. 3.69) to estimate A’. We will assume that the load

is dominated by proteins and messages:

No = > (A+8)tmi=(A+e)Np, (3.122)

)

where NV, is the total number of messages. We can then solve this equation for A’:

~

N =2 = =107, (3.123)

based on the total message number estimate for E. coli. (See Tab. 3.2.)

3.8 Supplemental Material: Model robustness & exploring alternatives to
RLTO

In this section, we investigate the phenomenology of three different single-cell growth rate
functions to determine what model features result in overabundance. We consider an arrest

model (the RLTO model), a slow-growth model, and a symmetric model.

3.8.1  Methods: Defining alternative models

In each case, we will assume that the protein number is described by a gamma distribution:

N, ~ (&2 eln2). (3.124)

In2’

We will assume the cell-cycle duration 7' is determined by this stochastic protein number N,
and then compute the population growth rate using Eq. 3.48 for a range of different message
numbers p,,,. In each case, 0 = 1/Ny, Ng = 10°, £ = 30, n, = €In2. The mean expression

level is p, = pme.
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Figure 3.14: Exploring the mathematical mechanism of overabundance. Single-cell
and population growth rate are compared for three different models: arrest (RLTO), slow-
growth, and symmetric models. In the arrest model (RLTO), the growth rate goes to zero
below threshold protein level n,. In the slow-growth model, the growth rate transitions
continuously to zero as the NN, is depleted below n,. In both the arrest and slow-growth
models, there is a small negative slope above the threshold corresponding to the metabolic
load. In the symmetric model, the fitness cost is symmetric about the optimum. Both
the threshold-like and slow-growth models are optimized at mean expression levels p, far
exceeding the threshold level n,. This is a consequence of the highly-asymmetric dependence
of the fitness on protein number INV,. This leads to the phenomenon of protein overabundance.
In contrast, the symmetric model is optimized in close proximity to its single-cell optimum.
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Model 1: Arrest (RLTO) model

The arrest (RLTO) model has cell cycle duration:

0, N, <n,

T=r : (3.125)
No+N,, N,>n,

where protein expression below threshold n, results in growth arrest.

Model 2: Slow-Growth model

In the slow-growth model, we imagine two processes: (i) checkpoint process X and (ii) other
processes. The cell will divide after whichever process finishes last. Other processes will finish
after time predicted by the metabolic load, identical to the threshold model defined above.
However, we model checkpoint process X as the completion of a fixed amount of activity in
an irreversible process. We will therefore assume it will take a time inversely proportional

to the amount of enzyme X (IV,). The amount of activity is set by effective threshold n,:

T:mmmﬂ%+N@%$ (3.126)

such that n, defines the level of protein required to make the growth rate half the metabolic
limit.

Unlike the arrest model, cell growth slows but does not stop for N, < n,. This model will
test whether the results of the RLTO model are an artifact of the assumed arrest-based slow

growth.



95

Model 3: Symmetric model

For the symmmetric model, we choose the model parameters such that the single-cell

optimum was close to the other models: ng = 8.5, g, = 5. The cell-cycle duration is:

T = 19Ny exp( Loy (3.127)

2
207

such that the noise-free growth rate will be Gaussian is N,,.

3.8.2  Results: Overabundance is a robust prediction

The growth rates as a function of the mean expression level p,, are shown in Fig. 3.14. The
symmetric model has a population optimum in close proximity to its single-cell optimum, as
we intuitively expect. However, both the arrest (RLTO) model and the slow-growth model
have optima far above the threshold number n,. We therefore conclude that it is fitness
asymmetry rather than growth arrest that is responsible for the overabundance phenomenon.

Why doesn’t growth arrest of a sub-population lead to a stronger effect than the same
sub-population growing slowly? In Ref. [65], we showed that the population doubling time

T can be understood as the exponential mean of the stochastic cell-cycle duration:

T = f'Erf(T)], (3.128)

where Er is the expectation over the stochastic duration 7" and f(t) = exp(—Fkt), where
k=T 'In2is the population growth rate. Due to the functional form of f(¢), any long cell
cycles are exponentially suppressed in their contribution to the exponential mean. Therefore,
low-probability extremely-long-duration cell cycles only contribute to the growth rate by

reducing the fraction of growing cells.
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Total number of Average
Model Growth Doubling Message Message messages messages proteins: translation translation
organism condition time: lifetime: recycling /cell: /cell-cycle: efficiency: rate:
ratio:
T Tm = Vi m=T/Tm Ny Nfot Nyt € By (h™")
Escherichia LB | 30 min [30] 2.5 min [31] 12 7.8 x 10° 9.4 x 107 3 x 10° [71] 22 530
coli [70]
(E. coli) M9 | 90 min [30] 2.5 min [31] 36 2.4 x 10° 8.6 x 10* 3 x 10° [71] 24 580
[70]

Sacchromyces| YEPD | 90 min [72] 22 min [73] 4 2.9 x 10" Ix 10°  5x 107 [75] 4 % 107 410
cerevisiae [74]
(Yeast—
haploid)
Mus — mus- Tissue | 27.5 h [59)] 15 h [59] 1.8 1.7x10° 3 x 10° [59] 3 x 10° [39] 1 x 107 660
culus [59]
(Mammalian-
mouse)
Homo Tissue 24 h [44] 14 h [76] 1.7 3.6 x 10° 5x10° 2 x 107 [71] 4 x 107 120
sapiens [72]
(Human)

Table 3.2: Central dogma parameters for three model organisms with detailed
references. Columns three through seven hold representative values for measured central-
dogma parameters for the model organisms described in the paper. Each value is followed
by a reference for its source.

3.9 Supplemental Material:
one-message-rule

Quantitation of central dogma parameters for

The RLTO model predicts the one-message-rule for the lower threshold on transcription
for essential genes. In this section, we use transcriptome data from the literature to test
this prediction. We first describe the sources of the data (Sec. 3.9.1), how the estimates are
computed (Sec. 3.9.2), the results (Sec. 3.9.3) and discussion (Sec. 3.9.4).

3.9.1 Methods: Selection of central dogma parameter estimates

The estimates for central dogma model parameters come from two types of data: (i)
quantitative measurement of cellular-scale parameters for each organism (total number of
messages in the cell, cell cycle duration, etc) and (ii) genome-wide studies quantitative of
mRNA and protein abundance.

For the cellular-scale central dogma parameters, we relied heavily on an online compilation
This resource provides a collection of curated

of biological numbers: BioNumbers [77].

quantitative estimates for biological numbers, as well as their original source. In the interest
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of conciseness, we have cited only the original source in the Tab. 3.2, although we are
extremely grateful and supportive of the creators of the BioNumbers website for helping
us very efficiently identify consensus estimates for the parameters of the central dogma
parameters.

For the selection of genome-wide studies on abundance, we used many of the same resources
cited in BioNumbers as well as studies selected by a previous study of a quantitative analysis

of the central dogma: Hausser et al. [15].

E. coli data

1. Message lifetimes: The message lifetimes (and median lifetime) were taken from a
recent transcriptome-wide study by Chen et al. [31]. These investigators measured the

lifetime in both rapid (LB) and slow growth (M9).

2. Noise: Taniguchi et al. have performed a beautiful simultaneous study of the proteome
and transcriptome with single-molecule sensitivity [2]. Although we use the noise
analysis data from this study for our supplemental analysis of E. coli noise, it is not
the source for our FE. coli transcriptome data due to the extremely slow growth of the
cells in this study (150 minute doubling time), which is not consistent with the growth

conditions for the other sources of data.

3. mRNA abundance: Instead, we used data from the more recent Bartholomaus et al.
study [70], which characterizes the transcriptome in both rapid (LB) and slow growth
(M9).

4. Total cellular message number. This study was chosen since it was the source of the

BioNumbers estimates of cellular message number in E. coli (BNID 112795 [77]).

5. Doubling time: The source of the doubling times for rapid (LB) and slow (M9) growth

of E. coli comes from Bernstein [30].
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6. Essential gene classification. The classification of essential genes in E. coli comes from

the construction of the Keio knockout collection from Baba et al. [35].

7. Protein number. The total protein number in E. coli came from Milo’s recent review

of this subject [71].

Yeast data

1. Message lifetimes: The message lifetimes (and median lifetime) were taken from Chia

et al. [73].

2. Noise: The noise data was taken from the Newman et al. study, which used flow
cytometry of a library of fluorescent fusions to characterize protein abundance with

single-cell resolution [1].

3. mRNA abundance: The transcriptome data comes from the very recent Blevins et al.

study [78].

4. Total cellular message number. There are a wide-range of estimates for the total
cellular message number in yeast: 1.5 x 10* [79] (BNID 104312 [77]), 1.2 x 10* [80]
(BNID 102988 [77]), 6.0 x 10* [81] (BNID 103023 [77]), 2.6 x 10* [74] (BNID 106763
[77]) and 3.0 x 10* [82]. We used the compromise value of 2.9 x 10%.

5. Doubling time: The doubling time was taken from [72].
6. Protein number. The total protein number in yeast comes from Futcher et al. [75].

7. Essential gene classification. The classification of essential genes in yeast comes from

van Leeuwen et al. [57].
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8. Proteome abundance data: The proteome abundance data came from two sources: flow
cytometry of fluorescent fusions from Newman et al. [1] as well as mass-spec data from
de Godoy et al. [3].

Human data

1. Message lifetimes: The message lifetimes (and median lifetime) were taken from Yang
et al. [76] who reported a median half life of 10 h which corresponds to a lifetime of

14 h.

2. mRNA abundance: The transcriptome data comes from the data compiled by the

Human Protein Atlas [83], which we averaged over tissue types.

3. Total cellular message number. The total cellular message number in human comes

from Velculescu et al. [84] (BNID 104330 [77]).
4. Doubling time: The doubling time was taken from [44].

5. Protein number. The total protein number in human came from Milo’s recent review

of this subject [71].

6. Essential gene classification. The classification of essential genes in human comes from

Wang et al. [58].

3.9.2  Methods: Quantitative estimates of central dogma parameters
Estimating the cellular message number: fiy, /.

For each model organism (and condition), we found a consensus estimate from the liter-

ature for the total number of mRNA messages per cell Nﬁf/tc. This number and its source
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Figure 3.15: The one message rule. Panel A: One-message-rule for essential genes.
For highly transcription genes (high pu,,), little compensation for noise is required and the
optimal message number tracks with the threshold message number n,,. However, as the
threshold message number approaches one (n,, — 1), the noise is comparable to the mean,
and the optimal message number p,, increases to compensate for the noise. As a result, a
lower threshold of roughly one message per cell-cycle is required for essential genes. This
threshold is predicted for both fixed (dashed) and optimized translation efficiency (solid).
The threshold is weakly dependent on relative load A. Panel B: A one message thresh-
old is observed in three evolutionarily-divergent organisms. As predicted by the
RLTO model, essential, but not nonessential genes, are observed to be expressed above a
one message per cell-cycle threshold. All organisms have roughly similar distributions of
message number for essential genes, which are not observed for message numbers below a
couple per cell cycle. Panel C: The distribution of gene transcription rate. The typi-
cal transcription rate varies by two orders-of-magnitude between organisms. Panel D: The
distribution of gene cellular message number. There is also a two-order-of-magnitude
variation between typical cellular message numbers. No consistent lower threshold is ob-
served for either statistic.
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are provided in Tab. 3.2. To estimate the number of messages corresponding to gene i, we

re-scaled the un-normalized abundance level r;:
_ tot i
Nm/c,i - m/CZjTj’ (3129)
where the sum over gene index j runs over all genes.

Estimating the transcription rate: [3,,

To estimate the transcription rate for gene i, we start from the estimated cellular message
number Ny, /.; and use the canonical steady-state noise model prediction for the cellular

message number:

Nm/c,i = ﬁm,i/’Ym,zﬁ (3130)

where 7, is the message decay rate. Since gene-to-gene variation in message number is
dominated by the transcription rate (e.g [31]), we estimate the decay rate as the inverse

gene-median message lifetime:

Vi = T (3.131)

for which a consensus value was found from the literature. This number and its source are

provided in Tab. 3.2. We then estimate the gene-specific transcription rate:

5m,i = m/c,i/Tm- (3132)

Estimating the message number: (i,

To estimate the message number of gene i, we use the predicted value from the canonical

steady-state noise model:

Nm,i = Tﬁm,z = le/c,i: (3133)

Tm

where 7' is the doubling time and N, .; is the cellular message number (Eq. 3.129).
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3.9.3  Results: Histograms of central dogma transcriptional statistics

We generated histograms for each of the three transcriptional statistics: transcription rate
Bm, cellular message number i, ., and message number ,,. The histograms for transcription
rate and cellular message number do not show a consistent lower limit (as predicted) and
are shown in Fig. 3.15; however, the histogram for message number does show a consistent

lower bound for the three model organisms and is shown in Fig. 3.15B.

3.9.4 Discussion: E. coli essential genes below the one-message-rule threshold

Since our own preferred model system is E. coli, we focus here. Our essential gene classifi-
cation was based on the construction of the Keio knockout library [35]. By this classification,
10 essential genes were below threshold. (See Tab. 3.3.) Our first step was to determine what
fraction of these genes were also classified as essential using transposon-based mutagenesis
(85, 37]. Of the 10 initial candidates, only one gene, ymfK, was consistently classified as an
essential gene in all three studies, and we estimate that its message number is just below
the threshold (u,, = 0.4). ymfK is located in the lambdoid prophage element el4 and is
annotated as a Cl-like repressor which regulates lysis-lysogeny decision [38]. In A phase, the
CI repressor represses lytic genes to maintain the lysogenic state. A conserved function for
ymfK is consistent with it being classified as essential, since its regulation would prevent cell
lysis. However, since ymfK is a prophage gene, not a host gene, it is not clear that its expres-
sion should optimize host fitness, potentially at the expense of phage fitness. In summary,

closer inspection of below-threshold essential genes supports the threshold hypothesis.
3.10 Supplemental Material: Analysis of gene-expression noise

This section provides a detailed development of gene expression noise. We continue the
discussion of the model from Sec. 3.7.1 that provided a self-contained development of the
noise models developed by others which are the input to the RLTO model. Secs. 3.10.1-3.10.6

describe the RLTO prediction of non-canonical noise scaling and the test of this model.
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5
[37]

alsK

besB

entD

yafF

yagG

yceQ
ydiL

yhh@Q

yibJ

ymfK

fhm
0.3

0.4

0.4

0.4

0.6

0.2
0.2

0.4

0.3

0.4

The alsK gene encodes a D-allose kinase. Its role in the degradation
of D-allose is unclear; AlsK is not required for utilization of a D-allose
carbon source; this effect may be due to the presence of other ambiguous
sugar kinases within E. coli K-12.

BesB is encoded in a predicted operon together with besA, besZ and
besC. In other organisms, these genes are involved in cellulose biosyn-
thesis, a characteristic of the rdar (red, dry and rough) morphotype.
However, the K-12 laboratory strain of E. coli does not show a rdar
morphotype and does not produce cellulose.

AcpS is the founding member of a 4’-phosphopantetheinyl (P-pant)
transferase protein family that includes E. coli EntD, E. coli 0195 pro-
tein, and Bacillus subtilis Sfp; family members share two conserved
motifs but relatively low sequence identity overall.

No information about this protein was found by a literature search
conducted on April 19, 2017.

yagGH is predicted to be a member of the XylR regulon; its products
may mediate transport (YagG) and hydrolysis (YagH) of xylooligosac-
charides; putative XylR and CRP binding sites are identified upstream
of yagGH.

No information about this protein was found by a literature search
conducted on July 12, 2017.

No information about this protein was found by a literature search
conducted on April 7, 2017.

YhhQ is an inner membrane protein implicated in the uptake of
queuosine (Q) precursors - 7-cyano-7-deazaguanine (preQ0) and 7-
aminomethyl-7-deazaguanine (preQ1) - for Q salvage. Q-modified
tRNA is absent in AqueD and AqueD Ayhh(@ strains grown in mini-
mal media with glycerol; Q-modified tRNA is detected when a AqueD
strain is grown in minimal media plus 10 nM pre@Q0 or pre@1 but is
absent when a AqueD Ayhh@) strain is grown under these conditions.
yhh(@ expressed from a plasmid restores the presence of Q-modified
tRNA in a AqueD AyhhQ@ strain.

No information about this protein was found by a literature search
conducted on July 9, 2018.

YmfK is a component of the relic lambdoid prophage el4 and is likely
the SOS-sensitive repressor. It is similar to the P34 gene of the Shigella
flexneri bacteriophage SfV and belongs to the LexA group of SOS-
response transcriptional repressors.

) )

Table 3.3: Below-threshold essential genes identified in E. coli. This table describes
the message numbers and annotations for essential genes that we estimated to have expression
below the threshold of one message per cell cycle. However, in the final column, we show

classifications from three different studies.

consistently defined as essential.

Only one of the identified genes, ymfK, was
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3.10.1 Results: RLTO model predicts non-canonical noise scaling

The predicted scaling of the optimal translation efficiency with message number has many
important implications, including on the global characteristics of noise. Based both on
theoretical and experimental evidence, it is widely claimed that gene-expression noise should

be inversely proportional to protein abundance [20, 2]:
2 -1
CV, o, (3.134)

for low-expression proteins, as observed in E. coli [2]; however, the more fundamental pre-

diction is that the noise is inversely proportional to the message number:

fp = HmE, (3.135)
v, = 22 (3.136)

In E. coli, the translation efficiency is roughly constant (i.e. fi, X fi,,, Fig. 3.4D) and there-
fore Eq. 3.136 is consistent with the canonical noise model (Eq. 3.134). However, in eukary-
otes, the translation efficiency grows with message number (i.e. fi, < i2,, Fig. 3.4BC). If we

substitute this proportionality into Eq. 3.136, we predict the non-canonical noise scaling:
2 —1/2
CV; o p, /=, (3.137)
for eukaryotic cells.

3.10.2 Methods: Analysis of gene expression noise

The quantitative model for gene expression noise includes multiple contributions:

CVZm L 424 (3.138)

1
Hp m
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Figure 3.16: Yeast noise fit against canonical noise model, with a noise floor. Yeast
noise data fit with the 2- (null hypothesis with p,* dependence) and 3- parameter (i)
models. The two-parameter model corresponds to the canonical noise model (Eq. 3.134) and
fails to quantitatively fit the data.

where the first term can be understood to represent the Poisson noise from translation, the
second term the Poisson noise from transcription, and the last term, c¢g, is called the noise
floor and is believed to be caused by the cell-to-cell variation in metabolites, ribosomes, and
polymerases etc. [22, 23].

In the main text of the paper, we have ignored the role of the noise floor in the analysis of
noise in yeast. Unlike E. coli, where the noise floor is high (CVZ = 0.1) and is determinative
of the noise associated with almost all essential genes [2, 22, 23], in yeast the noise floor is
much lower (CVIQ) = 0.01) and therefore affects only genes with the highest expression.

In this section, we will consider models that include the noise floor, since its presence can
make the noise scaling more difficult to interpret. To determine if the scaling of the noise
is consistent with the canonical assumption that the noise is proportional to p,, L for low
expression, we will consider two competing empirical models for the noise (Fig. 3.16). In

the null hypothesis, we will consider a model:

no(kpi b, ) = - +c, (3.139)
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and an alternative hypothesis with an extra exponent parameter a:

M (fp; a,b,¢) = 7 +c. (3.140)

P

We will assume that CVIZ) is normally distributed about 1 with unknown variance 072].
In this context, a maximum likelihood analysis is equivalent to least-squares analysis. Let

the sum of the squares be defined:

S1(0) =D [CV7 ;= (s 0)), (3.141)

1

for model I where @ represents the parameter vector. The maximum likelihood parameters

are

A~

0 = arg max S1(0), (3.142)

with residual norm:

S; = 5:(0). (3.143)

To test the null hypothesis, we will use the canonical likelihood ratio test with the test
statistic:

Z=2mL (3.144)
do

where qo and ¢, are the likelihoods of the null and alternative hypotheses, respectively. Wilks’
theorem states that Z has a chi-squared distribution of dimension equal to the difference of

the dimension of the alternative and null hypotheses (3 —2 = 1).

Hypothesis test I

In our first analysis, we will estimate the variance directly. We computed the mean-
squared difference for successive C\/f7 values, sorted by mean protein number 11,. The variance
estimator is

o

= 3((CV}, — CVi,i+1)2>i =6.3 x 1074, (3.145)

2
n
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where the brackets represent a standard empirical average over gene 7 for the p,-ordered

gene CVZQD values. The test statistic can now be expressed in terms of the residual norms:

Z = (8 —5)/62 (3.146)

= 3.3 x 10% (3.147)

which corresponds to a p-value far below machine precision. We can therefore reject the null

hypothesis.

Hypothesis test 11

In a more conservative approach, we can use maximum likelihood estimation to estimate
the variance of each model independently as a model parameter. In this case, the test statistic

can again be expressed in terms of the residual norms:

Z = N, (3.148)

= 1.6 x 107, (3.149)

where N is the number of data points. (Details of derivation are in Sec. 3.10.2.) In this case,

the p-value can be computed assuming the Wilks’ theorem (i.e. the chi-squared test):
p=6x10"°C (3.150)

again, strongly rejecting the null hypothesis.
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Mazimum likelihood estimates of the parameters

In the alternative hypothesis, the maximum likelihood estimate (MLE) of the empirical

noise model (Eq. 3.140) parameters are (Fig. 3.16):

a = 0.57+0.02 (3.151)
b = 3.0+05, (3.152)
¢ = 0.01340.001, (3.153)

where the parameter uncertainty has been estimated using the Fisher Information in the

usual way using the MLE estimate of the variance [86, 87].

Details: Statistical details MLE estimate of the variance

The minus-log-likelihood for the normal model [ is:

hi(8,0°) = S In27wo? + #S}, (3.154)

where S} is the least-square residual. We then minimize h; with respect to the variance o?:

y2hlse = 0, (3.155)

to solve for the MLE &2:
% T (3.156)

Next we evaluate h at the variance estimator:

hi(6,6%) =X [m oS 4 1] . (3.157)
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The test statistics can be written in terms of the A’s:

Z = 2ho(0,6%) —2h,(0,6?), (3.158)

= Nhn2, (3.159)

which can be evaluated directly in terms of the residual norms for the null and alternative

hypotheses.

3.10.3 Results: Non-canonical noise scaling is observed in yeast.

To test the RLTO model predictions for noise scaling, we reanalyze the dataset collected
by Newman et al., who performed a single-cell proteomic analysis of yeast by measuring
the abundance of fluorescent fusions by flow cytometry [1]. Since the competing models
(Egs. 3.134 and 3.137) make different scaling predictions, we first apply a statistical test to
determine whether the observed scaling is consistent with the canonical model (Eq. 3.134).
We consider the null hypothesis of the canonical model (Eq. 3.139) and the alternative
hypothesis with an unknown scaling exponent (Eq. 3.140). To test the models, we perform
a null hypothesis test. (A detailed description of the statistical analysis, which includes the
contribution of the noise floor, is given in the Sec. 3.10.) We reject the null hypothesis with
a p-value of p = 6 x 1073%. The observed scaling exponent is @ = —0.5740.02, which is close

to our predicted estimated exponent from the RLTO model (—3).

3.10.4 Methods: Parameter-free prediction of noise from protein-message relation.

By combining the noise model (Eq. 3.136) with a protein-message abundance relation, the
relation between protein abundance and noise can be predicted without additional fitting
parameters. (We call this prediction parameter-free since, although a parameter is fit when
determining the protein-message abundance, once this relation has been established, no new

parameters are fit in order to predict the noise.) To test this prediction, we will compare
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three competing models: (i) the RLTO model, (ii) an empirical protein-message abundance

model, and (iii) the constant-translation-efficiency model.

Estimating protein number (u,) for the noise analysis

The protein abundance data for yeast grown in YEPD media and measured with flow
cytometry fluorescence [1] were given in arbitrary units (AU). In order to convert from AU to
protein number, the fluorescence values were rescaled by comparing with mass-spectrometry
protein abundance data for yeast grown in YNB media [3]. Since the protein abundance from
mass-spectrometry was given in terms of intensity, the intensity values were first rescaled
by the total number of proteins in yeast, 5 x 107. (See Sec. 3.9.1.) The mass-spectrometry
protein data was thresholded at 10 proteins, based on the assumption that the noise of the
data for 10 and fewer proteins makes the data unreliable. Next, the log of the fluorescence
protein abundance in AU as a function of the log of thresholded mass-spectrometry protein
abundance was fit as a linear function with an assumed slope of 1 to find the offset, 3.9, (Fig.
3.17) which corresponds to a multiplicative scaling factor. We then used that offset value to
rescale the fluorescence data from AU to protein number. We also compared to yeast grown

in SD media [1] and found a similar offset result.

Empirical models for yeast gene expression

To generate the empirical model for protein number as a function of message number, we
used protein abundance data from Newman et al. [1], re-scaled to estimate protein number
(Sec. 3.10.4) and transcriptome data from Lahtvee et al. [88], re-scaled to estimate message

number (Sec. 3.9.2).
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Figure 3.17: Fit to rescale fluorescence intensity to protein number. Protein

abundance from flow cytometry fluorescence [1] as a function of mass-spectrometry scaled
abundance [3]. The mass-spectrometry data was thresholded at 10 proteins, and then a
linear fit was performed to find the multiplicative offset of 3.9, which was used to convert
protein fluorescence AU to number.

Empirical model for protein number

We initially fit the empirical model for protein number,
iy = Copil, (3.160)

to the data using a standard least-squares approach; however, the algorithm led to a very poor
fit since it does not account for uncertainty in both independent and dependent variables.
We therefore used an alternative approach [89], which assumes comparable error in both

variables. The model parameters are:

ap = 2.1+0.04, (3.161)
Co = 80+1.0, (3.162)
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where the uncertainties are the estimated standard errors. The result of the empirical model
fit is shown in Fig. 3.18A, along with the constant-translation-efficiency model, and the

RLTO model.

Empirical model for message number

For the prediction of the coefficient of variation, it is useful to invert Eq. 3.160 to generate

a model for message number as a function of protein number:

by = Cgl/aou;/ao’ (3163)

= Oyl (3.164)

where the last line defines two new parameters: a coefficient €} and an exponent a;. The

resulting parameters and uncertainties are:

a; = 1/ay, (3.165)
= 0.48 +0.01, (3.166)
c, =yl (3.167)
= 0.37+0.02, (3.168)

where the uncertainties are the estimated standard errors.

Empirical model for translation efficiency

To generate an empirical model for translation efficiency, we started from the empirical

model for protein number (Eq. 3.160), and then use Eq. 3.135 to relate protein number,
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message number, and translation efficiency:

e = L (3.169)
= Coppd™", (3.170)
= Chu®, (3.171)

where the last line defines two new parameters: a coefficient C5 and an exponent as. The

resulting parameters and uncertainties are:

as = ag—1, (3.172)
= 1.07 4 0.04, (3.173)
G, = Cp, (3.174)
= 8.0+ 1.0, (3.175)

where the uncertainties are the estimated standard errors.

Empirical model for the coefficient of variation

To generate an empirical model for the coefficient of variation, we started from the em-
pirical model for message number (Eq. 3.164), and then substitute this into the statistical

model prediction for CV2 (Eq. 3.136):

cv;, = 22 (3.176)
= Cy/*In2 -yt (3.177)

= C3u®, (3.178)
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Figure 3.18: Load balancing predicts the scaling of noise. Panel A: Three com-
peting models for protein abundance in yeast. The empirical model (purple) fits the
slope and the y offset. The RLTO (green) and constant-translation-efficiency (orange) mod-
els fit a parameter corresponding to the y offset only. As discussed in the analysis of the
proteome fraction, the RLTO model qualitatively captures the scaling of the protein abun-
dance with message number better than the constant translation efficiency model; however,
the predicted fit does not correspond to the optimal power law, which is represented by the
empirical model. The protein abundance has a cutoff near 10* due to autofluorescence [1].
Panel B: Predictions of the noise-protein abundance relation. Using each compet-
ing protein abundance model, the noise-protein abundance relation can be predicted using
Eq. 3.136. The canonical noise model (Eq. 3.134) fails to capture even the scaling of the
noise. In contrast, both the RLTO and empirical models quantitatively predict both the
scaling and magnitude of the noise. The empirical model has the highest performance, pre-
sumably due to its two-parameter fit to the protein abundance in Panel A. A fit accounting
for the noise floor is shown in Fig. 3.16.
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where the last line defines two new parameters: a coefficient C3 and an exponent ag. The

resulting parameters and uncertainties are:

a3 = —1/ay, (3.179)
— —0.48+0.01, (3.180)
C; = C)/* 2, (3.181)
= 1.940.1, (3.182)

where the uncertainties are the estimated standard errors.

3.10.5 Results: Parameter-free prediction of noise-abundance in yeast

The fit of the competing protein-message abundance models are shown in Fig. 2.9A. Using
each model, we can now predict the relation between protein abundance and noise without
additional fitting parameters. The predictions of the three competing models are compared
to the experimental data in Fig. 2.9B.

In both its ability to capture the protein abundance and predict the noise, the RLTO
model vastly outperforms the constant-translation-efficiency model. The purely empirical
model that best captures the protein abundance data, due to directly fitting both the y-
offset and slope, also performs best in predicting the noise. It is important to emphasize
that the prediction of the noise in all models is non-trivial since there are no free parameters
fit, once the protein abundance relation is determined. We therefore conclude that the noise
model (Eq. 3.136) quantitatively predicts the observed noise from the message number and

that eukaryotic noise has non-canonical scaling due to load balancing.

3.10.6  Discussion: Implications of noise

What are the biological implications of gene expression noise? Many important proposals

have been made, including bet-hedging strategies, the necessity of feedback in gene regulatory
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networks, etc. [11]. Our model suggests that robustness to noise fundamentally shapes the
central dogma regulatory program. With respect to message number, the one-message-
rule sets a lower bound on the transcription rate of essential genes. (See Fig. 3.6B.) With
respect to protein expression, robustness to noise has two important implications: Protein
overabundance significantly increases protein levels above what would be required in the
absence of noise and therefore reshapes the metabolic budget. (See Fig. 3.6A.) Robustness
to noise also gives rise to load balancing, the proportionality of the optimal transcription and
translation rates. (See Fig. 3.6C.) Not only does robustness to noise affect central dogma
regulation, but there is an important reciprocal effect: Load balancing changes the global

scaling relation between noise and protein abundance. (See Fig. 3.18B.)
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Chapter 4

OMNISEGGER: ENABLING ANALYSIS OF DIVERSE CELL
MORPHOLOGIES

Timelapse microscopy is a powerful tool which allows for the observation of cell growth
over time. Measurements of various quantities from the growing cells (cytometry) can be
performed by extracting data from the micrographs. For example, a protein can be labeled a
fluorescent protein (such as green fluorescent protein (GFP)) to track the amount of protein
expressed over time by individual cells. In addition, because cell growth is exponential, the
complexity of the data grows exponentially. There exist various pipeline packages to handle
such measurements, and in this chapter I discuss the advancements and advantages of my
pipeline package called OmniSegger.

OmniSegger is a pipeline analysis tool which combines several packages developed in the
Wiggins Lab: SuperSegger (2016), Omnipose (2022), and Bactrack (2024). The analysis
pipeline is as follows: image registration (alignment), cell segmentation, frame-to-frame link-
ing/tracking, cytometry, and data output. OmniSegger greatly reworks the cell segmenta-
tion and linking/tracking steps to improve robustness and accuracy, and makes their outputs
compatible with the original SuperSegger’s pre-existing code.

The improvements to handling diverse morphologies and accuracy of subcellular measure-
ments enables OmniSegger to demonstrate protein overabundance for essential-gene knockout

experiments in A. baylyi[9].
4.1 Introduction: The original SuperSegger

SuperSegger is a software originally created to analyze protein localization for thousands of

cells [90]. In particular, the Wiggins Lab performed proteome-wide timelapse measurements
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Figure 4.1: OmniSegger pipeline schematic. Data input: Multi-dimensional image
data is loaded from image files. Registration: Images are aligned to remove stage drift.
Segmentation: For each position and time-point, the first channel image is segmented
to generate a the cell masks, which are saved to a png format file. These masks are then
incorporated into a frame file, which is a composite data file containing all image information
(all channels and cell masks). The cell masks png file is user editable. Linking: Cell masks
from successive time points are then linked to form cell trajectories, including cell division.
These links are corrected in time and saved into the frame files. Cytometry: Cell cytometry
information for each cell is computed from the image information in the frame files. Data
output: The output data is sliced into three different output formats: The frame files
contain all information, including images, grouped by frame (i.e. all cells per time-point
and x-y position). The cell files contain all information, including images, grouped by cell
(i.e. all time-points per cell). The clist file contains all cytometry information (no image
information) grouped per x-y position. Visualization: The package also contains numerous
visualization tools which use the output data to generate figures, images, and plots.

of the ASKA K-12 ORF-clone collection. In these measurements, proteins were tracked
at the single-molecule level; each protein was tagged with green fluorescent protein (GFP)
and imaged in a timelapse with both phase-contrast and fluorescence microscopy [91, 92].
Features to analyze non-diffuse foci were also introduced and enabled precise analysis of
the replication machinery in E. coli [93]. Without the automation provided by computer
software, manual data analysis would take thousands of human hours. SuperSegger estab-
lished the general analysis pipeline for OmniSegger, which I will describe in brief, and is

summarized in the schematic Fig. 4.1.
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4.1.1 Image registration

Stage drift can occur during data acquisition, with possible causes such as thermal expan-
sion or evaporation of the pad. The result of stage drift is that initial frames will have an
x-y offset in comparison to final frames, which can lead to difficulty in tracking cells and mi-
crocolonies. To account for the effect of such drift, sub-pixel image alignment' is performed
using a cross-correlation registration algorithm [94]. The resulting frame offsets are saved in

cropbox.mat.

4.1.2  Cell segmentation

Strictly speaking, the process of cell segmentation describes labeling an image to declare
which pixels are cells, and which pixels are not cells—and therefore labeled as background. The
original SuperSegger segmentation algorithm has a unique approach that combines thresh-
olding and machine-learning.

The first step is the pre-processing of the phase contrast image by smoothing and nor-
malization. Next, the algorithm thresholds the image and applies a filter to compensate for
artifacts inherent to phase-contrast imaging. The image is then thresholded again to obtain
the microcolony mask image. The algorithm applies a watershed operation to the micro-
colony mask, which oversegments the masks. The watershed regions provide possible cell
boundaries, and the true and false segments are determined using a trained neural network.
Next, a scoring function optimizes regions with another trained neural network in order to
define the final cell boundaries. The region scoring function can override the decision of true
or false boundaries as predicted from the previous step. The inclusion of the neural network
steps allows the segmentation algorithm to reduce segmentation errors traditionally result-
ing from thresholding and watershedding. The SuperSegger paper describes the process in

more detail [90]. Once the cell boundaries have been defined, for each frame, each cell region

!The technical term ‘registration’ is often used in imaging processing, but the SuperSegger software refers
to this step as alignment.
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is labeled with 1...N from the top-left to the bottom-right of the image using MATLAB’s
bwlabel function.

Because bwlabel requires objects to not be connected in order to be labeled as distinct,
the original segmentation algorithm has at least one-pixel boundaries between cells, which is
labeled as background. This presents an issue because growing microcolonies of cells almost
always are dense and have cells touching, which means the one-pixel boundary is false and

results in inaccurate segmentation.

4.1.8  Linking/tracking

For time-dependent analysis, cell regions must be linked in consecutive frames in order to
determine cell lineages and division events. The linking algorithm creates a frame-to-frame
cost for each region to be mapped to regions in the successive frames. The cost function
takes into account region overlap, distance between regions fit with centroids, and change
in area. The algorithm also searches for linking errors by comparing forward and reverse
mappings (cell mappings in the preceding and following frames); if errors occur, SuperSegger
will attempt to re-link cells or re-segment the local area. This combination of linking and
segmentation error resolution allows the algorithm to target segmentation errors such as
two-to-one merging.

Considering that unusual cell morphologies, such as filamentous cells, may not have overlap
in sequential frames, are not well fit by centroids, and can have unpredictable change in area,
results from the original SuperSegger linking cost algorithm are likely to be highly biased
toward typical, rod-shaped cells.

4.1.4  Cytometry

Once cells have been linked, unique IDs can be assigned to each cell. These cell IDs are
distinct from cell region numbers. IDs persist throughout the entire timelapse, while cell

region number is unique from frame to frame. Then, cell properties such as cell length, area,
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birth and division (death) frame, and mother and daughter IDs, are calculated for each cell.
These properties are crucial to experimental analysis, and their values depend heavily on the
preceding steps in the SuperSegger pipeline.

If the timelapse includes fluorescence images, SuperSegger calculates statistics such as the
average intensity of each cell, or the location of foci. First, the mean background intensity is
subtracted from each image. Next, an image curvature filter is applied to eliminate noise and
background from autofluorescence or non-specifically-bound fluorescent probes (C. Brennan,

unpublished). The foci are then determined from the maxima of the curve-filtered image.

4.1.5 Data output and visualization

The data calculated in the previous steps are saved for each cell (cell files), for all cells in
each frame (seg files), and for all cells in all frames. The latter was termed the ‘clist’, and
the data retained in a clist.mat file.

The images and segmentation results can be visualized using the Viewer GUI, which

includes various options to automate plotting of variables or to filter out (“gate”) data.
4.2 From SuperSegger to OmniSegger

OmniSegger skips the original cell segmentation algorithm, and runs the Omnipose pack-
age. The SuperSegger mask variables are replaced by the masks output by Omnipose. Omni-
pose segmentation is much more robust to diverse cell morphologies and, as a result, provides
the foundation for timelapse analysis by OmniSegger. As previously mentioned in Sec. 4.1.3,
there are various limitations to the original tracking algorithm. I have implemented a form of
the Bactrack package into OmniSegger, which is offered as an alternative option for analysis
of timelapses for non-rod shaped cells. In addition, the data visualization features have also

been updated to accommodate improved segmentation results.
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4.2.1 Omnipose segmentation

Omnipose is a deep neural network (DNN)-based algorithm for cell segmentation [95]. It
is originally based off of the Cellpose algorithm; however, it makes several changes which
significantly improve performance. The Cellpose architecture outputs a vector field defined
as the gradient of the heat distribution from the median pixel coordinate of the cell-this was
referred to as the flow field. Next, Cellpose would apply Euler integration on the flow field
to the cell center to determine the cell mask.

Depending on the shape of the cell (for example, consider a curve-shaped cell), the median
pixel coordinate might fall outside the cell mask and in those cases, Cellpose would project
the coordinate to the nearest pixel along the cell boundary. The cases where the cell center
was ill-defined often occurred for longer cells, which typically have curvature, thus resulting in
multiple possible projections of the median cell coordinate; the cells would often be segmented
into multiple smaller masks (oversegmentation).

While Cellpose used the gradient of the heat distribution, Omnipose redefined the flow field
as the gradient of the distance of each pixel from the cell boundary (gradient of the distance
field). This method allows the flow field predictions to be independent of cell morphology,
whereas Cellpose’s method often failed for long cells. Omnipose also introduced suppressed
Euler integration, where each time step has a suppression factor, leading to improved pixel
clustering to generate the cell mask.

In addition, the bacterial phase-contrast Omnipose model (bact_phase_omni) was trained
with a dataset of about 27,500 wild-type, mutated, and antibiotic-treated cells of various
species, with numerous imaging conditions and augmentations, allowing the network to out-
put a robust trained model. Furthermore, much of the Omnipose dataset was hand-annotated
based on fluorescence signal of the cell membrane, allowing for more precise calling of the
division time as compared to simply relying upon ambiguous phase-contrast signal. The

fluorescence signal serves as an external marker to validate when cell division has occurred.
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Figure 4.2: Semantic vs Instance segmentation. Left: Phase contrast image of cells.
Middle: Semantic segmentation of image with all cells segmented as one label, often leading
algorithms to have a one-pixel boundary between cells in contact. Right: Instance segmen-
tation; each cell is assigned a unique label.

Even with the improvements to cell segmentation via deep learning algorithms, many
algorithms currently perform semantic segmentation which produces binary cell masks: 0
indicating background and 1 indicating cells. As a consequence, the resulting masks require
a minimum 1-pixel separation gap between cells. A unique feature of Omnipose is that its
mask predictions are instance segmentations—each cell mask is assigned a unique label, and
can therefore be distinguished even if touching, as is often the case when imaging dense
microcolonies. The difference between semantic and instance segmentation is shown in Fig.
4.2. In addition, if cells are thin, the receded boundaries from semantic segmentation result
in inconsistent cell widths and exclude a significant fraction of the cell area.

The use of the distance field, the suppressed Euler integration, instance segmentation,
and training a phase-contrast model on a diverse dataset allows Omnipose to be a leading
segmentation tool. Omnipose is much more robust to various imaging conditions and cell

morphologies than other cell segmentation algorithms.



124

4.2.2  Bactrack linking

Motivated by observations where the original linking algorithm greatly failed for filamen-
tous cells, I introduced the problem to Sherry Yang, who developed the Bactrack package [96]
in Python, which provided much improved tracking performance. Bactrack is a cell track-
ing tool which uses hierarchical segmentation and mixed-integer programming optimization.
The hierarchical segmentation approach of Bactrack was inspired by ultrack [97]; Omnipose
flow field inputs are used to create hierarchical segmentations from low to high resolution.

The hierarchical segmentations contain multiple possible segmentations at various levels
of detail, and each segment can be represented as a node, while frame-to-frame links can be
represented by edges. The resulting nodes and edges form a directed graph, where the direc-
tion follows increasing time. The edges are assigned weights based on overlap or distance—the
OmniSegger implementation uses overlap, as it had more reliable results. The node and edge
branches in the directed graph are then removed and optimized using the branch-and-cut
technique by an MIP solver algorithm. This process is represented schematically in Fig. 4.4.

The optimization of the graph determines the frame-to-frame linking of cells. In particu-
lar, the constraints for optimization are one-to-two division (persistent in time because the
graph is directed) for binary cell fission. We also briefly considered allowing one-to-multiple
divisions or two-to-one merging events based on our observations of a filamentous dataset;
however, permitting these constraints slowed solver performance and was decided to be niche
for a typical application. In summary, given a graph of possible segmentations, a matrix of
linking costs, and the constraint that cells only divide, Bactrack optimizes the final graph
of cell segmentations. Once the graph has been optimized, Bactrack outputs both masks in
Omnipose labeled-mask format, and linking results as a Pandas dataframe.

Bactrack allows the option to use one of three different MIP solvers: HIGHS [98] using the
scipy.optimize.milp Python wrapper, and CBC [99] and Gurobi [100] through Python-
MIP [101], though Gurobi and HiGHS are the fastest [102]. OmniSegger only implements
HiGHS and Gurobi.


https://github.com/yyang35/bactrack
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Figure 4.3: Bactrack linking results in different calling of divisions. Lineage trees
generated for a growing microcolony differ slightly in calling of division times, for example
cells from progenitor 3 are determined to divide later based on Bactrack segmentation and
linking. The division results from Omnipose and Bactrack should be compared for biological
accuracy.

While in theory, the masks that result from the optimized hierarchical segmentation should
be more accurate than Omnipose segmentation, in practice, I believe that the resulting Bac-
track masks were observed to be less biologically accurate; the Bactrack masks should be
checked if they call division too early or too late compared to Omnipose masks when tested
on the same dataset (see Fig. 4.3). Therefore, OmniSegger inputs Omnipose masks into Bac-
track to generate only linking results. Furthermore, the error resolution code in OmniSegger
relies on checking linking results. If the linking results are now determined by Bactrack,
error resolution by OmniSegger is not possible and thus the version of OmniSegger with
Bactrack implementation does not correct the underlying masks. This can be most dramat-
ically demonstrated by a high time-resolution timelapse, which can suffer from inconsistent

determination of division from frame-to-frame.
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The linking results contain the mappings between a ‘source’ (¢) frame and a ‘target’ (t+1)
frame. The format of results is as follows: the first column lists the source frame starting
at frame 0. The second column lists the label IDs in the source frame that have mappings
to the target frame. The third column contains the label IDs in the target frame that are
mapped from the source frame. In addition, the fourth and fifth columns are source frame
cell areas and target frame cell areas, which are used for tracking error calculations. Note
that if a cell in a source frame does not have a mapping in the target frame (i.e., a stray
cell which appears in the source frame but disappears in the target frame), there will be
no entry for that cell ID in the Bactrack linking results; SuperSegger fills these links in
fillBactrackLinks.m.

The linking results are then converted from Pandas dataframe into comma-separated values
(csv). The csv file is read into MATLAB during the linking stage in OmniSegger and then
converted into SuperSegger linking format with forward and reverse mappings.

Bactrack is implemented with OmniSegger through the following GitHub branches: Bac-
track branch superSeggerDev, OmniSegger branch bactrackdev. I recommend trying this
version when the main branch of OmniSegger fails to track unusual morphologies for time-

lapses at medium to low frame rates.

4.2.8  Improvements in data visualization

We introduce new data visualization ideas and improvements to generalize for diverse cell

morphologies: 1) cell outlines, 2) medoid for cell ID display, and 3) figure making tools.

1. Cell outlines. The displayed cell outlines used to be calculated by dilating the mask,
but are now replaced using a more robust cell perimeter function directly based on the

mask (getperim.m).

2. Medoid of cell skeleton for cell ID display. Many cell analysis software packages,
including the original SuperSegger, determine the centroids of cell masks as an approx-

imation for the cell ‘center’ and uses the centroid in order to perform measurements. A


https://github.com/yyang35/bactrack/tree/superseggerDev
https://github.com/tlo-bot/supersegger-omnipose/tree/bactrackdev
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Figure 4.4: Schematic of hierarchical segmentation: Panel A: initial hierarchical seg-
mentation, which is generated from Omnipose flow fields as implemented by Bactrack, Panel
B: pruning of the hierarchical segmentation, and Panel C: final resultant segmentation mask
image. Figure adapted from [7].
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centroid is a point calculated from the mean position of all data points, i.e., the mean
pixel position of the cell mask. For a given number of N pixels with the coordinate of

pixel i given by z;, y;, the centroid (Z,y) is simply calculated by:

2t (4.1)

and

2 Y (4.2)

j=
In MATLAB, this is calculated using the regionprops function.

The centroid approximation for the cell ‘center’ fails for more diverse morphologies,
for example with filamented cells that contain curvature, where the centroid would fall
outside the mask. Rather than calculating the centroid, OmniSegger determines the
medoid. The medoid is the position of a pixel contained in the cell mask which has the

minimum sum of distances from every other pixel in the mask:

mind; = minz \/(azj —2:)? 4+ (y; — yi)? (4.3)

J#

Furthermore, I find that restricting the medoid to the skeleton results in an even
more intuitive result for the cell ‘center’ (see find medoid.m). Using the medoid of
the skeleton as the cell ‘center’ displays the cell IDs much more intuitively than the

centroid, applicable to both rod-shaped and other morphologies (see Fig. 4.5).

. Figure making tools. Generating publication-quality figures is important for dis-
seminating results of scientific research. OmniSegger includes new functions for gen-
erating figures: getFamily, which determines a cell lineage from a progenitor cell,

drawCellSpline, which draws vectorized outlines of cell boundaries on a cell-by-cell
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basis, and makeMosaic, which generates a mosaic image of selected frames from a

timelapse, with the ability to display fluorescence and cell outline overlays.

4.2.4  Modified cell length measurement

In SuperSegger, the cell length is calculated using MATLAB’s regionprops function.
regionprops fits a cell as an ellipse, and we expect this approximation to be poor for
morphologies with curvature. Therefore, we replaced the cell length measurement with a
rod length in rodGeom.

The area A of a cross-section of a 3D rod is approximated by a rectangle of length L and

width 2R with two half-circle end caps of radius R:

A=rmR*+2LR (4.4)

We can define the length of this rod as the length of the rectangle plus with the two end
caps:

l=L+2R (4.5)

We can also find the integral of the distance field, B = Bcaps + Brect:

R R
B = / (R —r)2mrdr +/ (R —r)2Ldr (4.6)
0 0
and evaluate to find:
B= %R?’ + LR’ (4.7)

As we want to solve for the rod radius R and length [, we substitute for L in Eqs. 4.4 and
4.7 using Eq. 4.5 to find:
A= (r—4)R*+2IR (4.8)

B= g}? +(1—2R)R? (4.9)
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Figure 4.5: Visualization of Cell IDs via skeleton medoid. Left: Cell IDs labeled at
medoid of skeleton. Right: Cell IDs labeled at centroid. Notice that due to cell curvature,
some cell IDs (for example, cell 101) are displayed outside the corresponding cell area.
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We first solve for R. We combine the equations for A and B to cancel out the terms with [

resulting in a cubic equation, which we rearrange to the form of a depressed cubic equation:

A B
R3—3—R+6—:0 (4.10)

™ ™

We define two constants p and ¢ to solve the depressed cubic equation:

A
p=-_34 (4.11)
T
6B
g= — (4.12)
s
We then calculate a quantity related to the discriminant:
2 3
q p
Dy =~—+4+=— 4.1
and using Cardano’s formula, calculate the three possible roots for R:
O = ¢ —% + /Dy (4.14)
—1++v-3
Cy,C3=C1 % —— (4.15)

2

The resulting values are then filtered for only real, positive roots, and the smallest root is
chosen as the rod radius, r..q. The rod length, [,.q, is then calculated by plugging in the rod
radius into Eq. 4.4:

A—qr?

lrod = QTrodrOd + 2Trod (416)

In MATLAB, we calculate B using the discrete sum (rather than the integral) of the

distance field of the mask. To account for this discrepancy, we subtract an offset term found
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from simulating pre-defined masks and calculating their rod radius and length:

B' = B — 0.5 A (4.17)

B’ is used when calculating ¢ in Eq. 4.12.
4.3 Room for improvement: Drawbacks and limitations

While OmniSegger, Omnipose, and Bactrack offer significant improvements to the time-
lapse analysis pipeline, in practice, various issues remain. The most pressing issues for
OmniSegger at the moment are i) inconsistent calling of divisions and ii) an open question

about how omnipotent a cell segmentation-analysis software can be.

4.3.1 Pants: Segmentation and tracking remain a paired challenge

The majority of cell tracking algorithms take masks as inputs, then define frame-to-frame
linking costs for each cell mask based on properties such as mask overlap, and minimize the
costs to determine links. Determining links and segmentation simultaneously is often com-
putationally intensive, as the cost matrix presents an exponentially growing combinatorics
problem; if not determined simultaneously, cell tracking accuracy is totally dependent on cell
segmentation results. Thus, if the preceding cell segmentation contains errors, the tracking
and lineage determination will be disrupted.

Precisely determining the exact time of division for a cell in an experiment is impossible—
timelapses observe the instantaneous event in discrete time steps. Furthermore, the time
of division is often ambiguous when only observed by phase-contrast imaging; this was the
primary reason for training the Omnipose bacteria phase-contrast model based on underlying
membrane or cytosol fluorescence signal when possible. Due to the ambiguous nature of
the phase-contrast image, the algorithm will have a ‘flickering’ effect; for example, the cell
may be determined to be divided into two cells in frame ¢y, but one cell in the subsequent

frame ty 4+ 1, and back to two cells in frame ¢ty + 2. This flickering effect presents an issue
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for 2D segmentation algorithms, especially when the timelapses are taken at high frame
rate. Current existing 2D segmentation models only perform segmentation by considering
individual frames, while the model determination about cell division must persist across
multiple frames.

Omnipose introduces the idea of a ‘spacetime’ model, where the segmentation algorithm
takes temporal information into account, effectively becoming a 3D model (2D+T). Let’s
consider the kymograph for a cell dividing into two daughter cells: the mother cell grows
until the cell wall septates roughly near the center. Conceptually, the kymograph appears
like pants; as time increases, the mother is the waist of the pants, which splits into two
daughter pants legs. The split is persistent in time. Assuming a frame rate high enough that
cells overlap from frame to frame, the 3D spacetime segmentation also presents a solution
for cell linking, as each 3D lineage volume contains the time of division and the mother-
daughter information. While the 3D spacetime Omnipose model (bact_phase_spacetime)
is promising, it is lacking the large ground-truth, annotated training dataset as used for the
2D segmentation model and as a result is much less robust.

While persistent in time because of the constraint posed on the Bactrack algorithm, I
noticed that the division time determined by Bactrack was not biologically accurate, and
therefore chose only to implement its tracking function. In theory, the division time de-
termination might be able to be fixed by adjusting the hierarchical segmentation, as the
information should be contained in the flow field.

Though highly robust, Omnipose can have segmentation errors, and its 2D model does
not fix the persistent cell division issue. Therefore, running Bactrack on Omnipose masks
which flicker between one to two cells leads to lineage errors.

SuperSegger contains some error resolution functions which can edit the underlying masks
to solve the division issue, though the methods are not fully robust, as they typically only
compare the frames immediately before and after a division error, rather than for all time.
In practice, OmniSegger tends to work better than SuperSegger-Bactrack on unusual mor-

phologies.
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4.3.2  Segmentation and tracking steps are now modular

Though Omnipose and Bactrack are suggested to be used with OmniSegger, the full im-
plementation of the two packages is not hard-coded into OmniSegger. Instead, their output—
masks and a linking matrix, respectively—is the input to SuperSegger. In fact, any other
segmentation or linking algorithm can be used, as long as the masks are in png format
and the linking matrix in csv format follows the same style as Bactrack. The modularity
of OmniSegger allows it to be compatible with future advances in cell segmentation and

tracking.

4.3.83  Generalization of cell cytometry software

While the introduction of modular segmentation and linking steps allows OmniSegger
to be much more robust to analyzing timelapses of diverse cell morphologies, the analysis
software is still biased towards rod-shaped cells. For example, quantities such as long axis
length or cell pole age are calculated. However, consider cocci, which are spherically shaped
bacteria. The significance of a long axis or a cell pole measurement becomes unclear for
such a morphology. Cytometry calculations must therefore be more generalized, or carefully
checked, if analyzing morphologies which are not rod-shaped. In theory, SuperSegger can be

used to analyze both prokaryotic and eukaryotic timelapses.
4.4 Results: Improved analysis capabilities of OmniSegger

The analysis capabilities of OmniSegger are demonstrated using a curated set of test
data representing various morpholgies and imaging experiments. None of these datasets
have been used as ground-truth training data for the Omnipose bact_phase_omni model. I

further discuss competing packages that have segmentation and timelapse analysis features.
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4.4.1 Test datasets and morphologies
Rod-shaped cells: Control dataset

A cropped timelapse of exponentially growing FE. coli taken with a Nikon Eclipse Ti-E
microscope has been tested as a control dataset for rod-shaped cells. A sample image and

lineage tree are shown in Fig. 4.9.

Filamentous cells dataset

A cropped timelapse of exponentially growing MG1655 E. coli taken with a Nikon Eclipse
Ti-E microscope has been tested as a dataset representing filamentous cells. The strain has
been treated with sub-Minimum Inhibitory Concentration of 10uM hydroxyurea [103, 104],

leading to filamentation. A sample image is shown in Fig. 4.10.

Fluorescence dataset

A cropped timelapse of Pal-mCherry E. coli taken with a Nikon Eclipse Ti-E microscope
has been tested as a sample dataset for phase-contrast and fluorescence analysis. A kymo-

graph mosaic of the fluorescence signal for single cells is shown in Fig. 4.13.

Punctate foci dataset

A cropped timelapse of YPet-DnaN A. bayly: taken with a Nikon Eclipse Ti-E microscope
has been tested as a sample dataset for punctate foci fluorescence analysis. A sample image

and fluorescence kymograph are shown in Fig. 4.11.

Multichannel fluorescence dataset

A cropped timelapse of mCherry-DnaN YPet-SSB AB1157 E. coli taken with a Nikon
Eclipse Ti-E microscope in the Wiggins lab has been tested as a sample dataset for multi-

channel fluorescence analysis. Cell kymographs for each channel are shown in Fig. 4.6.
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(a) mCherry-DnaN fluorescence. (b) YPet-SSB fluorescence.

Figure 4.6: OmniSegger can analyze multichannel fluorescence timelapses. Two ky-
mographs from a single cell (ID: 136) in a timelapse of E. coli strain AB1157 with YPet-SSB
and mCherry-DnaN fluorescent fusions, demonstrating the analysis capabilities for multi-
channel timelapse movies.

Large frame-of-view dataset

A snapshot of FtsZ-GFP E. coli taken with a Nikon Eclipse Ti-E microscope has been
tested as a sample dataset for a large frame of view analysis. A sample image is shown in

Fig. 4.7.

Brightfield dataset

A cropped timelapse of Pal-mCherry E. coli taken with a Nikon Eclipse Ti-E microscope
has been tested as a sample dataset for brightfield timelapse analysis. A sample image is

shown in Fig. 4.16.
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Figure 4.7: Segmentation on high density, large frame-of-view snapshot of FtsZ-
GFP E. coli. The image has partially been zoomed in to show segmentation performance.
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Figure 4.8: OmniSegger correction determines consistent cell division in time. Two
lineage trees generated by OmniSegger from the same timelapse of E. coli strain MG1655
with a frame rate of 10s™1. Left: Omnipose segmentation struggles due to inconsistent calling
of division during segmentation, however, OmniSegger segmentation corrects the masks to
resolve linking errors. Right: Bactrack improperly segments the cells and the error correction
code in OmniSegger is turned off, resulting in several linking errors.

High time-resolution dataset

A cropped timelapse of MG1655 E. coli taken with a Nikon Eclipse Ti-E microscope has
been tested as a sample dataset for brightfield timelapse analysis. The frame rate for the
dataset is 10~ !s and results in ambiguous determination of cell division from phase-contrast
imaging. Two resulting lineage trees are shown, one as determined by OmniSegger with
Omnipose segmentation (subject to inconsistent division calling in time, but able to be fixed
by OmniSegger) and another as determined by OmniSegger with Bactrack segmentation

(error correction by OmniSegger turned off). See Figure 4.8.
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4.4.2  Competing segmentation and analysis packages

The adoption of machine learning algorithms have greatly improved the accuracy of cell
segmentation. It is important to note that many packages focus solely on segmentation rather
than cytometry, and thus the competing packages mentioned only include segmentation and
analysis suites. Furthermore, some packages allow segmentation plugins, but I only discuss
the out-of-the-box features.

Many built-in segmentation algorithms of analysis packages are threshold-based and there-
fore have segmentation results sensitive to imaging conditions or morphology [105, 106, 107].
Other packages which measure cell statistics, including lineages and mean fluorescence levels,
have worse segmentation performance compared to Omnipose as demonstrated by compar-
ing Intersection over Union metrics [108, 109, 110]. Furthermore, other competing packages
emphasize segmentation less than single-cell cytometry [111, 112, 113]. A comparison of the
segmentation results from competing pipeline analysis packages are shown in Figures 4.10
and 4.9. Even worse, a couple of software programs require user-input training or parame-
ters on a dataset-by-dataset basis: in practice, these software programs require hours spent
unnecessarily calibrating segmentation results that may be less accurate compared to algo-
rithms such as Omnipose. In comparison, OmniSegger allows for compelling analysis and
visualization capabilities with minimal user input or coding experience required. I provide
a comparison of features and functions for the most updated timelapse analysis packages in

Table 4.1, based on my own user experience and available documentation.
4.5 Results: Analysis of unusual cell morphology in A. baylyi

OmniSegger was used to analyze essential-gene knockouts in A. baylyi[9]. Many essential-
gene knockouts result in extreme morphologies [117], and datasets were previously not able to
be quantified for several years at the single-cell level due to poor segmentation performance
of existing packages [95]. The development of Omnipose and its integration with SuperSegger

enables widespread quantitative analysis of transformed knockout mutants.
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Figure 4.9: Comparing OmniSegger performance for typical/rod-shaped mor-
phologies: Wild-type E. coli. Updated cell boundaries allow improved timelapse analysis
of cell cytometry. Panel A: Segmentation comparison. Phase-contrast image of a wild-
type E. coli colony represents one frame in a timelapse. Cell boundaries are determined by
segmentation methods of DeLTA (yellow), Ilastik-CellProfiler (purple), SuperSegger (blue),
and OmniSegger (orange). Panel B: Lineage tree. Panel C: Cell number compari-
son. OmniSegger, SuperSegger, and DeLLTA have comparable performance in terms of cell
number count over time. Panel D: Cell width comparison. Histograms for cell widths
from all frames of the timelapse are shown. Black dotted line indicates manually calculated
estimate of average width. OmniSegger measures the most consistent and accurate cell width
in comparison to alternative packages.
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Figure 4.10: Comparing OmniSegger performance for diverse morphologies: Fila-
mented E. coli. Panel A: timelapse mosaic. Sample frames taken from a timelapse of a
growing wild-type E. coli colony treated with sub-Minimum Inhibitory Concentration (MIC)
of 10uM hydroxyurea. Hydroxyurea inhibits DNA synthesis and results in a phenotype of
cell filamentation when below the MIC. Panel B: Segmentation comparison.  Cell
boundaries are determined by segmentation methods of DeLTA (yellow), Ilastik-CellProfiler
(purple), SuperSegger (blue), and OmniSegger (orange); segmentation of competing packages
result in oversegmentation, undersegmentation, or less accurate pixel classification. Panel
C: Error counting schematic. Example of segmentation error: the left-hand cell is over-
segmented in frame ¢, resulting in erroneous assignment of cell ID and improper linking in
subsequent frame i+ 1. Panel D: Performance comparison. OmniSegger has the fewest
segmentation errors per frame of the timelapse, and therefore requires the least manual cor-
rections for data analysis.
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Software No User-defined | Segmentation Tracking Visualization | Output | Language [65} Quantitation of Modality Automated Plot Year
Training/Inputs Method Method GUI Files Support | Non-diffuse Foci Generation Updated
OmniSegger v Deep learning | Traditional v mat, MATLAB Linux, v Phase Pad, v 2024
(Omnipose) xls & Python | Windows, Brightfield,
MacOS Cytoplasmic,
Membrane
SuperSegger [90] v ML-informed | Traditional v mat MATLAB Linux, v Phase Pad v 2018
Threshold Windows,
MacOS
DeLTA [109] v Deep learning | Deep learning X nc Python Linux, X Phase Pad, X 2024
Windows Phase MM
Tlastik- X ML-informed | Traditional X xls Standalone | Linux, X All: v 2024
CellProfiler [106, 113] Threshold or Windows, with training
Watershed MacOS
FAST [110] X Threshold Unsupervised v mat MATLAB, Linux, X Phase Pad, v 2023
learning Standalone | Windows, Brightfield
MacOS
CellShape [111] X Threshold N/A v N/A Python Linux, v Phase Pad ' 2017
Windows,
MacOS
Oulfti [115] X Threshold Traditional v mat, MATLAB Linux, v Phase Pad v 2016
out, Windows
csv
MicrobelJ [116] v Threshold Traditional v res, Java Linux, v Phase Pad v 2024
csv (TmageJ) | Windows,
MacOS

Table 4.1: A comparison of features and functions for cellular imaging analysis software
packages.

Omnipose provided significant improvement to the accuracy and performance of cell seg-
mentation and its bact_phase_omni model was trained on AdnaA, AftsN, and AmurA A.
bayly: mutants, but was not trained on AdnaN mutants. The phenotype of the AdnaN mu-
tant is cell filamentation, similar but distinct from the filamentation of the AftsN mutant.
As a result, the segmentation results for AdnaN in particular required low-level manual
correction of the masks, which was done in Napari [118].

The Omnipose masks were input to OmniSegger, which performed the single-cell measure-
ments, tracking, plotting and data visualization. A representative frame mosaic, fluorescence
over time, and lineage are shown in Fig. 4.11. In the DnaN knockout experiment, we use
a strain with a fluorescent fusion of essential replisome gene dnalN at the endogenous locus
to indicate the level of DnaN being expressed and also to observe the localization of the
replisome. In Panel A, the blue-outlined cell at ¢ = 0 min is transformed by having dnalN
knocked out, while gaining kanamycin antibiotic resistance. The wild-type cells are outlined
in green and the untransformed cells outlined in red; these do not have kanamycin resistance

and therefore are not expected to proliferate. As the timelapse runs, we notice that selective
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media (Km™), wild-type and un-transformed cells are arrested while the transformed cells
continue to proliferate, as seen in the lineage tree (Panel D). Furthermore, since the trans-
formed cells are no longer able to produce DnaN protein, all daughter cells inherit protein
from the original progenitor. In fact, we do see the depletion of DnaN from cell-proliferation-
induced dilution as the fluorescence intensity decreases exponentially over time (Panel E).
The observation that the progenitor cell carries more protein than strictly needed supports
the hypothesis of overabundance: in fact, the cell is able to proliferate for several generations

after having the essential gene knocked out.

4.6 Results: New cell bias using FtsZ-GFP and Pal-mCherry E. coli

At any given time, an exponentially growing population in steady-state should have more
young cells than old cells, and this effect will be referred to as new cell bias, where young
cells are defined as cells with age less than half their doubling time T and old cells are defined
as cells with age greater than doubling time T. To provide intuition for the new cell bias,
every old cell enriches the population with two new cells at division. We expect this ratio to
be 1/4/2 due to the enrichment of newborn cells in the population [65].

In order to test for this effect experimentally, snapshot images and timelapses sampling
an exponentially growing population of fluorescently-labeled cells were analyzed. FtsZ is a
protein which assembles into a ring (the Z-ring) during cell division. Using a GFP fusion to
FtsZ, a feature of the timing of cell division decided by Omnipose is that the Z-ring appears
as a bright focus at the cell pole during the beginning of the cell cycle (see Fig. 4.12). This
feature is used as a marker to identify young cells in the image. Pal is a highly expressed
outer membrane protein in F. coli. We notice that the Pal signal increases greatly at mid-cell
during cell division (see Fig. 4.13), and use the feature as a marker to identify old cells in
the image.

After processing with SuperSegger, the cell files containing the fluorescence image of each
cell is analyzed using custom code to identify the ratio of young cells to total cells in the

FtsZ-GFP images, and the ratio of old cells to total cells in the Pal-mCherry images.
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Figure 4.11: OmniSegger pipeline visualization gallery. The pipeline includes numer-
ous visualization tools. Panel A: Composite image frame mosaic. The package can
create multi-channel timelapse mosaics, including vectorized cell outlines. Panel B & C:
Fluorescence kymographs and cell towers. Visualization of fluorescence localization
over time for a single cell, generated by OmniSegger. Panel D: Lineage trees Temporal
representation for mother-daughter relations of A. baylyi mutants A YdnaN (blue), YdnaN
(red), and wild-type (green) cells. Panel E: Cell cytometry plots. OmniSegger can
generate plots to show the dynamics of various cell characteristics, for example, total fluo-
rescence intensity over time.
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Figure 4.12: Omnipose finds FtsZ to be localized to the pole at birth. Cell birth
and division times are decided by Omnipose image segmentation. A new cell is identified as
having a bright focus at the pole, possibly due to FtsZ remaining from the Z-ring, or as an
artifact of Omnipose determining cell division too early. In the analysis, a new cell is defined
when the peak intensity at the pole is greater than three times the average intensity from
the rest of the cell.



146

: = ‘ ‘
4 =
12 & = - -
e e e S
———
16 - J
5 —8_ =
16 B —_— -
1 1 1 1 |
0.5 1 e 2.5 3

Time (h)

Long Axis Position (um)

Figure 4.13: Omnipose finds mid-cell Pal intensity to be greatest at division. Cell
birth and division times are decided by Omnipose image segmentation. In the analysis,
an old cell is defined when the peak intensity at mid-cell is greater than twice the average
intensity from the rest of the cell.

Next, we determine four ratios: from the FtsZ-GFP datasets, the ratio of young cells in the
snapshot image (Nyss) and in the timelapse (Ny 1), and from the Pal-mCherry datasets,
the ratio of old cells in the snapshot image (N, gs), and in the timelapse (N, 11). In total,
we use over 250,000 cells in this analysis.

These ratios make sense because the timelapse samples a synchronous culture, while the
snapshot samples an asynchronous culture. We account for the total number of cells of each
sample by dividing the asynchronous value by the synchronous value, which represents the
number of cells that have undergone a full cell cycle.

We divide the four ratios to find the ratio of young cells to old cells:

% 98404
TL _ 57998 _
Noss — dsszs — 0-69+0.0L, (4.18)

No 1L
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which approximately returns our theoretically expected ratio of 1/y/2 ~ 0.071.
4.7 Results: Brightfield cell segmentation

Brightfield microscopy is an imaging modality where white light is transmitted through
the sample, and sample features are distinguished through change in contrast due to the
absorbance of the transmitted light. A brightfield microscope only requires a condenser lens,
objective lens, light source, and camera and thus offers the most simple setup for microscopy.
In particular, the setup of a brightfield microscope offers an advantage over a phase-contrast
microscope when also imaging with fluorescence microscopy; the phase-contrast microscope
requires the addition of a phase shift ring and a neutral density ring, which partially blocks
the path of the transmitted fluorescence light and thus attenuates the fluorescent signal [119].

Furthermore, brightfield microscopy is widely used in cell biology labs [120, 121], and thus
introducing a brightfield segmentation algorithm facilitates new experiments by removing
the barrier of requiring a lab to change their microscope setup or purchase new equipment.

In the spirit of generalizing the applicability of SuperSegger for cell imaging analysis, I
trained a model for Omnipose which can segment brightfield images of bacterial cells, and

can be used with OmniSegger.

4.7.1 The challenge posed by brightfield segmentation

Though the setup of brightfield microscopy is simple, the specific imaging details are
complicated. For bacterial samples, images of bacteria taken in the focal plane yield very
low sample contrast [122] due to the low light absorbance of the samples. The contrast is so
low that it becomes difficult for the human eye to distinguish cells from background (see Fig.
4.14). However, images taken slightly above or below the focal plane increase contrast at
the expense of resolution. In fact, it is common to see images taken slightly out-of-focus in
the literature [123, 8], and out-of-focus focal planes have been used to improve segmentation

results as well [121, 122, 124].
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Figure 4.14: Brightfield model performance on in-focus image. Brightfield image of
E. coli in the focal plane. The low contrast of in-focus brightfield makes the cells difficult to
distinguish, even with the human eye.

The fact that there is no agreed upon metric defining a slightly over- or under-focused
focal plane means that the images taken will not capture cell boundaries consistently [125],
with differences ranging from some researchers taking over-focused images differently, to
other researchers taking under-focused images instead. We could imagine defining some
offset values from the focal plane for more consistency, but this may also vary depending on
experimental setup and sample thickness. Because cell boundaries are not well-defined, the
resulting segmentation is less accurate and reliable than that based on phase-contrast.

Can a segmentation model for in-focus images be trained, and if not, can we train a model
which can segment over- and under-focused images? To answer this question, I took z-stacks
to capture both over-, under-, and in-focus fields of view for the creation of a ground-truth

and testing dataset for a brightfield segmentation model.

4.7.2  Impossibility of training a in-focus model

To train a model for in-focus cells, I identified the in-focus planes of the z-stacks, then
labeled and trained only using the in-focus images as ground-truth. The performance of
the model was poor upon evaluation on test data of in-focus images. In order to test if the
training dataset was too small due to only including one focal plane of each frame-of-view,

I increased the size of the training dataset by including planes which where fractions of a
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micron above and below the exact in-focus plane; the performance of the second trained
model on in-focus planes was also poor.

The failure to train a model for in-focus segmentation confirmed the intuition that a
machine-learning model may not be able to outperform the segmentation done by the human
eye in its ability to distinguish cells. However, the in-focus plane may contain more image
“information” than out-of-focus planes, as the captured image is least blurred. In theory,
this information would be able to be quantified and utilized for segmentation purposes by

introducing a new predicted variable to Omnipose’s network architecture.

4.7.8  Training the brightfield Omnipose model

Upon concluding that a in-focus plane was not feasible, I next changed my focus to training
a model to segment under- and over-focused images. I trained two models: one using all
focal planes and another using only over- and under-focused planes.

As cells in over-focused images appear similar to phase-contrast, I was able to generate
rough masks using the Omnipose phase model, and then I hand-annotated the masks in
Napari to refine and correct errors. The over- and under-focused images had a slight offset
which I accounted for by performing image registration on the ground-truth masks.

The trained model which excludes the in-focus planes has better performance. It is able
to reliably segment both over- and under-focused brightfield images.

Surprisingly, there is limited public availability of brightfield image datasets for bacterial
cells. I used existing published datasets [8] and took more data to improve the robustness
of the model.

Number of images: 471.

4.7.4  Performance of the brightfield model

The brightfield segmentation model for Omnipose performs reliably on under- and over-

focused images. The result on an test image from the DeepBacs dataset [8] that the model
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Figure 4.15: Brightfield model performance on test image. Performance of the Om-
nipose brightfield model on an over-focused E. coli image from [8]. Left: masks, right:
boundaries as determined by masks overlaid on the original image. The segmentation accu-
rately captures cell boundaries.

has not seen before is shown in Fig. 4.15, which I compared to the current brightfield
segmentation competitors, MiSiC [123] and DeepBacs [8]. Importantly, ground-truth masks
used to train the competing models appear lackluster in their respective publications. Ideally,
the model would also be trained on more diverse data—for example, it likely is not able to

segment filamented cells.

4.8 Conclusion: Analysis of new morphologies and modalities enables new
experiments

The development of OmniSegger enables the quantification of a variety of novel experi-
ments involving mutants, antibiotic-treated cells, and multi-species interactions, at the single
cell level. Many of these experiments involve observing extreme cell morphologies. Due to the
challenge of accurate and robust cell segmentation, for example with essential gene knockout
mutants, these analyses were previously not possible. Furthermore, the close integration of
Omnipose and introduction of new trained models allows OmniSegger to handle multiple im-

age modalities (see Fig. 4.16). The development of Omnipose enabled the segmentation step
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Figure 4.16: Performance in multiple imaging modalities. From left to right: phase-
contrast image of wild-type MG1655 E. coli captured on a Nikon Eclipse Ti-E microscope;
underfocused brightfield image of Pal-mCherry ZipA-sfGFP E. coli captured on a custom
lab microsope; overfocused brightfield image of Pal-mCherry ZipA-sfGFP E. coli captured
on a custom lab microsope; cytoplasmic fluorescence image of E. coli strain JW3984 from
the ASKA collection with fusion lysC-GFP captured on a Nikon Eclipse Ti-E microscope;
membrane fluorescence image of F. coli strain JW1466 from the ASKA collection with fusion
cycA-GFP captured on a Nikon Eclipse Ti-E microscope. Segmentation outlines generated
by OmniSegger. Scale bar: 1um.

of the image analysis pipeline, and its implementation in OmniSegger introduces a powerful,
highly automated tool for the biological imaging community, with minimal coding experience

needed.
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Chapter 5
FUTURE OUTLOOKS

5.1 Noise & Overabundance

With the new understanding of the impact of gene expression noise on central dogma
processes, we should continue to test the predictions made by the RLTO model. In par-
ticular, some interesting experiments would be to look for more experimental evidence of
overabundance. We have genome-wide evidence from transformation transposon insertion
mutant sequencing (TFNseq) [49] in A. baylyi, however, single-cell imaging-based experi-
ments have only been performed for four essential genes (dnalN - replication, ftsN - cell
division/septation, murA - cell wall synthesis, dnaA - replication) [9]. Notably, the mea-
sured overabundance from the genomic-based approach differs from what is measured from
imaging experiments. With analysis enabled by OmniSegger, we can now consider knock-
ing out essential genes involved in other processes, in addition to examining the knockout
phenotype.

The overabundance hypothesis also predicts different rates of translation and transcription
based on the abundance of essential proteins; in particular, the translation efficiency should
increase with increased transcription in eukaryotes. A possible experiment would be to
examine the strengths of promoters and ribosome binding sites for genes which are predicted
to be sufficient as opposed to overabundant.

Speaking of sufficiency, we observe several (31%) essential genes in A. bayly: that are suf-
ficient rather than overabundant (69%) (see Fig. 5.1). For example, among these genes are
nrdA and nrdB, which makeup subunits of ribonucleotide reductase, involved in DNA syn-

thesis. The sufficiency strategy suggests that these genes may be subject to tight regulation,
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Figure 5.1: Panel A: Overabundance varies by orders of magnitude between es-
sential proteins. The protein overabundance is inferred from the arrest time in TFNseq.
Sufficient expression genes have overabundance o = 1, while overabundant genes vary from
o > 1 to very large overabundance (o > 100). Panel B: Overabundance is large for
low-expression essential proteins. The measured message-number-overabundance pairs
are shown for essential genes (including estimated gene density.) The smoothed experimen-
tal data is shown in blue (with experimental uncertainty.) The RLTO model (red) predicts
that overabundance grows rapidly as the transcription level is reduced. The RLTO model
qualitatively captures the trend of the data (blue); however, it appears to underestimate the
measured overabundance for intermediate expression genes. Figure adapted from [9].

such as auto-regulation. Therefore, looking for evidence of a regulatory process for these
sufficient proteins would add a missing puzzle piece to the story.

In terms of application, the strategy of overabundance predicts that many essential proteins
need to be significantly depleted before having any effect on growth (i.e., overabundant
proteins are buffered against depletion). As a consequence, the essential proteins which follow
the sufficiency strategy may be easily targeted by inhibitors (e.g. antibiotics). Searching for
a correlation between widely used antibiotics and the overabundance of their protein targets
may give rise to insights for the rationale of why certain antibiotics are effective in combating
bacterial infections. Such an analysis may inform the development of more targeted and

efficient antibiotics.
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5.2 OmniSegger

As with any software package, there are an infinite number of small fixes and tweaks
possible to improve the software, user experience, and documentation. However, in this
section, I discuss more ambitious pursuits which will allow OmniSegger to be much more

powerful.

5.2.1 Synthetic cell images

The Omnipose bacterial phase-contrast model, spacetime model, and brightfield model all
present significant innovations for cell segmentation. However, the spacetime and brightfield
models are currently limited in robustness due to a lack of training data.

In addition to collecting a large amount of micrographs of diverse cells with various imaging
conditions, a significant bottleneck to training the models is the time and labor required for
manual annotation of ground-truth masks. The performance of image segmentation models
is highly dependent on the quality and quantity of training data; inaccuracies in the ground-
truth training data can lead to artifacts when predicting masks from images. Therefore,
thousands of hours have gone into carefully inspecting and fixing each ground-truth mask
by hand. However, human annotations can also introduce bias to the labeling of the data
[126, 127].

Rather than generating masks from images, a clever application of machine-learning is to
generate synthetic images of cells from masks, which are realistic enough to improve model
performance without human annotation [128]. Furthermore, a style transfer could be applied
to the synthetic image in order to generate training data for other imaging modalities (i.e.,
phase-contrast to brightfield). Alternatively, the physical properties of cells and microscope
optics can be used to simulate cell imaging in phase-contrast as done with SyMBac [129].
The development of methods to create synthetic images for training data will: i) drastically

reduce the time and labor needed to annotate ground-truth data, ii) generate annotations
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without human bias, and iii) enable models to be robust to different biological conditions

and imaging modalities.

5.2.2  Implementation in MATLAB vs Python

The code for the original SuperSegger was written in 2016 in MATLAB; many of its
competitors at the time were based in MATLAB or ImageJ [130]. However, in 2024, Python
has become the most popular coding language, with a wide library of open-source packages.
Furthermore, Python is free, powerful enough to process matrices quickly, and used widely
in the machine learning community [131], while MATLAB and its toolboxes require a license
that largely limits its usage to the academic sphere. The majority of current cell analysis
softwares are now written in Python [108], with a growing number of libraries as well.

Porting SuperSegger 2 to Python is the next logical step for future use and availability to
a wider audience. In addition, because Omnipose and Bactrack are both written in Python,
the implementation and installation process would be greatly simplified. There are also many
options for data visualization and graphical interface, while MATLAB mainly provides its
limited App Designer interface.

As a counterargument, I note that the compatibility issues for Python packages can become
very difficult to solve and manage, and there are no obligations for developers to maintain
their packages; MATLAB is continuously updated and maintained as a software product.
These compatibility issues will present a hindrance both during the rewrite process and
once completed, again in the maintanance process. However, I believe the translation of

SuperSegger 2 to Python is very necessary to be widely-used and competitive.
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Appendix A
RUNNING CONDA ENVIRONMENTS IN MATLAB

I include this appendix chapter for those of the niche interest in running Conda environ-
ments in MATLAB, which was surprisingly nontrivial. The code described here was used
to automatically run the Omnipose and Bactrack Python packages directly in MATLAB,
without manual input from the user.

The general idea is to add the relevant directories of the conda environment to the MAT-
LAB Path, and the key code was adapted from Julian Hapke’s answer from the MATLAB

Answers forum.
A.1 Windows

You can simply add the paths to the conda environment and corresponding scripts to the
MATLAB Path, then cleanly remove them from the path once the conda environment is no

longer needed.

A.2 Linux and MacOS

First, the path to the conda installation must be added to the MATLAB Path. Next,
the conda installation should be initialized in the MATLAB Command Window. Finally,
the conda environment must be activated each time it is needed through source activate

environment_name before scripts are run.
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Appendix B
THE SUPER FLAT PAD TECHNIQUE

A quick protocol of how to make a super flat pad for imaging. The lab used to use VALP
rubber gaskets and filled them with agarose and growth media solution; however, Kevin and
I developed this method resulting in a more uniform pad: the large surface area of the large
glass slides allows for a flat focal plane so all cells in the frame-of-view can be in focus. In
fact, it became somewhat of a religious result for me as having a flat pad is key to getting
a good dataset, especially for timelapses that run overnight and are subject to going out of
focus.

Prepare materials:

e 2 large glass slides (75 x 50 x 1 mm)

e glass slide for imaging (3” x 1”7 x 1.2mm - love the units)
e #1.5 glass coverslip

e agarose powder

e LB/M9/growth media of choice

e SmL Erlenmeyer flask

e razor blade

e tape

e hot glue gun
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e binder clips
Create agarose gel:

1. Wrap two pieces of tape around one large glass slide, two times (total of four pieces of

tape, with each side of the glass having 2 layers of tape).

2. Mix agarose powder to approximately 2-4% in growth media. For example, use 5mL
growth media : 0.15g agarose powder. Microwave about 30s several times until evenly
melted, swirling to mix in between each microwave session. It may help to lightly stuff
a moist paper towel at the opening of the flask to avoid evaporation of the water in

the gel.
3. Pipette ImL melted agarose solution onto coverglass with tape.

4. Place second large glass slide on top of tape and squish together with binder clips to

ensure even gel surface.
5. Wait a few minutes for gel to solidify.
6. Remove top large glass slide by sliding off gently, to not damage the surface of the gel.

7. Cut piece of gel off with razor blade. Can seal gel with both glass slides in a zipped

bag in the refrigerator for a few days.
Prepare imaging slide:

1. Place piece of gel on imaging glass slide using razor blade, gently laying to ensure

flatness.

2. Pipette 1uL cells onto gel - they should not be too dense in solution.
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Glass with tape (orange), agarose layer (grey)

Cut with razor blade and place agarose on glass slide

Add cells (green) and "squish" down with coverslip,
then seal with hot glue gun (yellow)

Figure B.1: Super flat pad technique.

3. Wait about 1 minute to dry slightly, then place cover slip on top and use razor blade

to squish residual liquid of cells into pad or over the edge of the pad.

4. Seal coverslip with hot glue gun.
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Appendix C
BRIGHTFIELD TRAINING PIPELINE

The following is a rough protocol for how I trained the Omnipose brightfield model. I

highly recommend using a Jupyter notebook.

1. Crop training image stacks and fluorescence images to roughly 512 x 512 px. For

example, a 2048 x 2048 image will be cropped into 16 subparts.

2. Run Omnipose phase-contrast model on overfocused (cells dark) images to generate

rough masks. Convert to ncolor.

3. Open image stack and mask in Napari. Manually correct errors while checking against

fluorescence signal.

4. Convert ncolor mask back to regular uint mask
(ncolor.format_labels(masks,clean=True)). Save corrected mask as ‘mask_edited’

to distinguish from uncorrected mask.

5. Separate out tif stack into planes and channels, and save all tifs and masks in a ground
truth folder. Keep in subfolders for each z: z0, zl, ...; each subfolder should contain

image and masks file pairs.

6. Account for possible shift between z-planes. Do a DIY style transfer by renormalizing
mask image to have dark cells with a grey background: maskSim = label2binary(mask,

0.43). Invert underfocused (cells bright) image. Use
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SymmetricDiffeomorphicRegistration from dipy.align.imwarp to determine map-
ping for registration between mask and inverted image. Save out as ‘_warped’ to dis-

tinguish from unregistered image.

. Train Omnipose on ground truth folders. Training command is run in CLI:
nohup omnipose --train --use_gpu

--dir /home/tlo/Documents/trainingdirectory --mask filter labelmasks
--img_filter bf_warped --n_epochs 4000 --pretrained model None
--nchan 1 --learning rate 0.1 --diameter O --batch_size 16

--RAdam --all_channels --look_one_level_down

—--dataloader —-—-num_workers 8 &

. Test performance of different models trained with different ground truth.

. Can use intermediate trained model to generate rough masks for unannotated ground

truth.
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Appendix D
RECOMMENDED CLASSES TO TA

Classes that are alright to teach: PHYS 543 with Anna Goussiou, PHYS 334 with Jens
Gundlach/Blayne Heckel, PHYS 114 tutorial, PHYS 231 with Suzanne White Brahmia,
Paul’s microscopy class.

Classes I did not enjoy teaching/are time consuming: PHYS 117/121 tutorial and lab.
PHYS 323/325 depending on instructor.
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Appendix E
RESTAURANTS & BOBA

My top restaurants on the Ave, in no particular order: Taste of Xian, Sizzle & Crunch,
Chipotle, Nuodle, Little Thai, The BoB, Aladdin Gyro, Cedars of Lebanon, Shawarma King
(lower Ave one), Time Bistro, Six Pack Foods Company, A-Pizza Mart, Araya’s Place.

Special mention to Little Duck.

Best boba shops along the Ave, in order: TP Tea, Seattle Best Tea, Boba Gem, Cafe
Happy, Yifang Taiwan Fruit Tea, Dont Yell At Me.

Special mention to Timeless Tea.
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