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Abstract

Accurate manipulation of metabolites in the monolignol biosynthetic pathway is a key
step for controlling lignin content, structure, and other wood properties important to
the bioenergy and biomaterial industries. A crucial component of this strategy is
predicting how single and combinatorial knockdowns of monolignol specific gene
transcripts influence the abundance of monolignol proteins, which are the driving
mechanisms of monolignol biosynthesis. Computational models have been developed to
estimate protein abundances from transcript perturbations of monolignol specific genes.
The accuracy of these models, however, is hindered by the inability to capture indirect
regulatory influences on other pathway genes. Here, we examine the manifestation of
these indirect influences collectively on transgenic transcript and protein abundances,
identifying putative indirect regulatory influences that occur when one or more specific
monolignol pathway genes are perturbed. We created a computational model using
sparse maximum likelihood to estimate the resulting monolignol transcript and protein
abundances in transgenic Populus trichocarpa based on desired single or combinatorial
knockdowns of specific monolignol genes. Using in-silico simulations of this model and
root mean square error, we show that our model more accurately estimates transcript
and protein abundances in differentiating xylem tissue when individual and families of
monolignol genes were perturbed. This approach provides a useful computational tool
for exploring the cascaded impact of single and combinatorial modifications of
monolignol specific genes on lignin and other wood properties. Additionally, these
results can be used to guide future experiments to elucidate the mechanisms responsible
for the indirect influences.

Author summary

Engineering trees to have desirable lignin and wood traits is of significant interest to the
bioenergy and biomaterial industries. Genetically modifying the expression of the genes
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that drive the monolignol biosynthetic pathway is a useful method for obtaining new
traits. Modifying the expression of one gene affects not only the abundance of its
encoded protein, but can also indirectly impact the amount of other transcripts and
proteins. These proteins drive the monolignol biosynthetic pathway. Having an accurate
representation of their abundances is key to understanding how lignin and wood traits
are altered. We developed a computational model to estimate how the abundance of
monolignol transcripts and proteins are changed when one or more monolignol genes are
knocked down. Specifying only the abundances of the targeted genes as input, our
model estimates how the levels of the other, untargeted, transcripts and proteins are
altered. Our model captures indirect regulatory influences at the transcript and protein
levels observed in experimental data. The model is an important addition to current
models of lignin biosynthesis. By incorporating our approach into the existing models,
we expect to improve our ability to explore how new combinations of gene knockdowns
impact lignin and many other wood properties.

Introduction

Lignin is an important phenylpropanoid polymer that is embedded with cellulose and
hemicelluloses in plant secondary cell walls |1,2]. It plays an important role in plant
physiology, defense, and adaptation by providing structural integrity, conducting water
through vascular tissues, and acting as a barrier to pests and pathogens [1},3]. Lignin is
composed of three main sub-units, the p-hydroxyphenyl (H), guaiacyl (G), and syringyl
(S) monolignols. These monolignols define the composition and interunit linkages that
determine other characteristics of lignin [1,/2,/4]. How these monolignols are formed and
synthesized into lignin has been an important research area for more than five

decades [5]. Producing plants that have specific lignin phenotypes is of significant
interest in the bioenergy and biomaterial industries [6}/7].

A key step to controlling lignin phenotypes is by precise manipulation of the
monolignol biosynthesis pathway. Genetic modifications are a useful method for
manipulating metabolic pathway behavior. These modifications alter transcript
production or abundance resulting in a change to the amount of proteins available to
catalyze key pathway reactions. It is not always intuitive how genetic modifications
propagate through biological systems culminating in changes to phenotypic traits. Many
approaches have been presented to understand phenotypic changes based on single
layers of biological information, such as GWAS [8l|9]. However, biological systems
regulate themselves through diverse mechanisms including, transcriptional [10H12] and
post-transcriptional [10}/13}|14] regulation, and post-translational modifications [14H16)
among others. By improving our understanding of the factors that arise when knocking
down genes, we can better discern how metabolic pathway activity and phenotypic
responses change in response to knockdowns and other modifications.

Extensive study of the metabolic reactions associated with monolignol biosynthesis
in P. trichocarpa has resulted in a detailed mechanistic computational model of the
pathway, composed of 24 ordinary differential equations with 104 Michaelis-Menten and
103 inhibition kinetic parameters [17,/18]. Wang et al. expanded their mechanistic
metabolic model of the monolignol pathway to incorporate information spanning the
genome, transcriptome, proteome, and 25 lignin and wood traits [4]. This multi-scale
model was used to help identify novel combinatorial genetic modifications that result in
desired lignin and wood characteristics such as increased saccharification efficiency
without negatively impacting plant growth. Wang et al., made the simplifying
assumption that the abundance of each protein was dependent only on the transcript
abundance of its monolignol gene. This simplification ignores possible epistatic
regulatory interactions that exist among the monolignol gene transcripts and proteins.
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Regulatory mechanisms can act at many different points in biological pathways. The
most commonly studied are transcriptional regulatory networks. Inferring and modeling
the relationships in these networks has been an area of significant interest [19-24].
Temporal measurements of transcript abundance in response to stress or gene
perturbations are often used to identify and model these networks [21,/23]. In the
absense of temporal data, variations in steady-state transcript abundance from multiple
gene perturbation experiments [25/26] or naturally occuring variations characterized
using eQTLs [27H29] have been used. Network structure and parameter estimation are
the two main components of modeling regulatory networks. These steps are often
combined using a regularization term to penalize model complexity during parameter
estimation [20]. Examples of these approaches include LASSO [27,/30,31], LARS [32H34],
and sparse maximum likelihood [29].

In addition to transcriptional regulation, post-transcriptional and post-translational
regulatory mechanisms relating to translation or protein degradation can play a critical
role in protein abundance [13}35,[36]. Differences in expression of transcripts and
proteins suggesting such regulatory mechanisms have been found for genes encoding cell
wall proteins in Arabidopsis thaliana [37,[38] and for genes involved in tobacco xylem cell
differentiation [39]. These mechanisms were also proposed to explain the poor
correlations between some of the monologinol gene transcripts and proteins in some
transgenic P. trichocarpa [4]. Having an accurate representation of the protein
abundance profile is important to assess how the metabolic pathway is driven.
Developing a computational model that captures the indirect regulatory influences
between monolignol genes at both the transcript and protein levels is important for
exploring how novel transgenic modifications impact lignin and wood characteristics.

In this paper we perform differential abundance analyses on the monolignol gene
transcript and protein abundances to further characterize epistatic influences on the
expression of the monolignol genes in differentiating xylem tissue of P. trichocarpa. We
then used the experimental transcript and protein abundance measurements [4] to
develop a model that describes the indirect relationships between the monolignol genes
as transcript to transcript, transcript to protein, protein to transcript, and protein to
protein influences. We used a sparse maximum likelihood estimator [29] to identify
potential key indirect regulatory influences between the monolignol gene transcripts and
proteins. Through in-silico simulations, our model more accurately estimates
monolignol transcript and protein abundances in transgenic plants where individual and
families of monolignol genes were knocked down than a model that does not incorporate
such regulatory influences. We identified and modeled apparent regulatory influences
among the PtrCAId5H, Ptr4CL, PtrPAL, PtrC3H3, PtrC4H, and PtrHCT gene families
and among the PtrHCT, Ptr4CL gene families and PtrCCoAOMT3, which manifest as
relationships between protein abundances but not the transcripts. Our model is able to
capture many of these putative epistatic influences between the monolignol transcripts
and proteins by specifying the abundance level of the targeted transcript as an input.
This model provides an important addition to the current computational lignin model,
allowing for the further exploration of the cascaded impact of genetic modifications on
the content, composition, and interunit structure of lignin and its related wood
properties. The identified relationships can also be used to further investigate the
specific regulatory mechanisms that govern monolignol gene expression.
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Fig 1. Monolignol gene transcript and protein differential abundance. (A)
PtrC3H3, PtrC4H1 and PtrC4H2 knockdown experiments (Construct i69). (B)
PtrCAId5H1 and PtrCAId5H2 knockdown experiments (Construct i29). (C) PtrCADI
and PtrCAD2 knockdown experiments (Construct i35). (D) Ptr4CL3 and Ptr4CL5
knockdown experiments (Construct i15). (E) PtrCCoAOMT3 knockdown experiments
(Construct i21). Gray boxes are due to missing data. Rows are the monolignol gene
names, with the targeted genes for each experiment in purple. Columns are the
experimental lines. x indicates paa;<0.05.

Results

Data description

Wang et al. [4] performed a series of systematic transgenic experiments that knocked
down each of the 21 lignin specific genes and their gene families in the model tree P.
trichocarpa. The absolute transcript abundances were measured using RNAseq, and the
absolute protein abundances were obtained using protein cleavage coupled with isotope
dilution mass spectrometry (PC-IDMS) [40]. Multiple independent lines were grown for
each transgenic construct. Usually three of those lines were selected to show the effects
of a range in the level of the targeted knockdown gene expression, providing an
indication of the complexity of putative interactions as responses can be linear or
nonlinear. For each line, up to three biological replicates were collected after six months
of growth, resulting in 207 transgenic measurement profiles and 18 wildtype
measurement profiles. Due to limited greenhouse space, these experiments were grown
in six batches. To account for batch effects on the data, Wang et al. normalized the
data to the wildtype mean in each batch [4]. Additionally, the PC-IDMS approach for
quantifying protein abundance was not able to differentiate between the PtrPAL4 and
PtrPAL5 proteins because of the near identity of these proteins [40]. The transcript and
protein abundances for PtrPAL4 and PtrPALS were combined into one, which we refer
to as PtrPAL4/5.

Differential abundance analysis

To further examine the influence of targeted knockdowns on other non-targeted genes,

we performed a differential abundance analysis on both the transcripts and protein data.

Fig[1] contains heatmaps showing the results for five of the knockdown experiments:
construct 69, which targeted PtrC3H3, PtrC4H1, and PtrC4H2 (Fig ); construct i29,
which targeted PtrCAId5H1 and PtrCAId5H2 (Fig[IB); construct i35, which targeted
PtrCADI and PtrCAD2 (Fig ); construct i15, which targeted Ptr4CL3 and Ptr4CL5
(Fig ); and construct i21, which targeted PtrCCoAOMT3 (Fig ) Heatmaps for the
remaining transgenics can be found in Supplemental Figs S1-S4. Each column
represents a different line of that experiment, with each line containing up to 3
replicates. The rows indicate the monolignol specific gene name with the purple names
indicating the gene(s) that were knocked down. The colorscale of these heatmaps
corresponds to the log fold change (logFC) from their wildtype. Red represents a
negative fold change, i.e., a decrease in expression, and green corresponds to a positive
fold change or an increase in expression. Gray boxes represent missing data. Changes in
abundance that had a p-value adjusted for multiple comparisons less than 0.05 are
considered statistically significant and are indicated with an asterisk.

We see significant changes in abundance in several of the untargeted monolignol
genes. This indicates that there are cross-influences among the targeted monolignol
genes impacting the abundances of untargeted monolignol transcripts and proteins.
Collectively examining the responses of both the monolignol gene transcripts and
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proteins provides insight to the regulatory influences between the monolignol genes that
would not be detected by just examining the transcripts. While we observe some
instances of the same differential abundance patterns in the transcripts and proteins,
suggesting transcriptional regulation, we also observe several cases where only a
monolignol gene’s transcript or its protein abundance is significantly altered. This
suggests the presence of post-transcriptional or post-translational regulation.

In the PtrC3H3, PtrC4H1, and PtrC4H2 knockdown experiments we observe
significant increases in the abundances of the Ptr4CL, PtrHCT, and PtrPAL proteins
and significant decreases in the PtrCAId5H proteins (Fig[TJA). However, their
corresponding transcript abundances, with the exception of some of the PtrPAL
transcripts, are not found to be differentially expressed. Similarly, in the PtrCAId5H1
and PtrCAId5H2 knockdown experiments we observe significant increases in the
abundances of the PtrHCT and PtrC3H3 proteins that are not observed in the
transcript data (Fig[IB). In the PtrCADI and PtrCAD2 knockdown experiments
(Fig ), we observe a decrease in the abundance of both the transcripts and proteins of
PtrCAId5H1 and PtrCAId5H2, as well as most of the other monolignol transcripts.
Despite this, many of the proteins are not significantly different from their wildtype
levels. This could be explained by the same behavior as in the PtrCAId5H1 and
PtrCAIld5H2 knockdowns and PtrC3H3, PtrC4H1, and PtrC4H2 knockdown
experiments where we also observed an increase in several of the protein abundances.
The increase we observe in the proteins in those two knockdowns could lead to wildtype
levels in the PtrCADI and PtrCAD2 knockdown experiments because the transcript
abundances are significantly decreased. This behavior is seen to a lesser degree in the
experimental line that had the largest decrease in the Ptr4CL3 and Ptr4CL5 transcripts
and proteins. Additionally, we do not observe this behavior in the Ptr4CL3 and
Ptr4CL5 knockdown experiments (Fig ), suggesting that large knockdowns of the
Ptr4CL gene family may trump other regulatory influences.

In the Ptr4CL3 and Ptr4CL5 transgenics (Fig ), we observe significant decreases
in abundance of both the transcripts and proteins of PtrCAId5H1 and PtrCAId5H2 and
an increase in the PtrCAD2 abundances across multiple transgenic lines. Significant
decreases in abundance are also observed in the PtrHCT1, PtrHCT6, and
PtrCCoAOMTS3 proteins in multiple lines. Similar behavior is seen in the transgenics
that individually knocked down Ptr4CL3 (Fig S4A) and Ptr4CL5 (Fig S4B), with
significant decreases observed in the PtrHCT1, PtrHCT6, PtrCCoAOMT3, and
PtrCADI1 proteins. The PtrHCT1, PtrHCT6, Ptr4CL3, and PtrCADI proteins are also
significantly decreased in the PtrCCoAOMT3 transgenics (Fig [IE). There are multiple
transgenics where one line showed significant changes in all or almost all of the
monolignol transcripts and proteins, but not in the other lines for the same transgenic
such as i35-7 (Fig[1[C), i15-3 (Fig[ID), i19-7 (Fig S3F), and a13-6 (Fig S4B). This
behavior could be due to a nonlinear response to a change in the abundance of one or
more of the monolignol transcripts and proteins.

Some of the observed indirect effects occur within gene families, such as in the
PtrPAL knockdowns (Figs S1A-D), the PtrCCoAOMT1 knockdowns (Fig S3C), the
PtrCAId5H1 and PtrCAId5H2 single knockdowns (Figs S3D and E), and in the
Ptr4CL3 and Ptr4CL5 single knockdowns (Figs S4A and B). These indirect effects
within gene families could be due to sequence relationships with the targeted gene
instead of regulatory mechanisms.

Capturing the effect of these indirect regulatory influences is necessary to effectively
estimate the resulting protein levels that are responsible for driving monolignol
biosynthesis. Further, it is necesarry to capture the indirect effects that affect the
transcripts and the indirect effects on the proteins separately.
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Fig 2. Diagram of transcript-protein models. (A) Diagram describing our model
which includes positive (green arrows) and negative (red arrows) influences among the
monolignol transcripts and proteins defined by B (Eq. ) Using only targeted input
abundances (yellow), the other untargeted monolignol transcripts and proteins are
predicted (red) (B) In the old model only the one-to-one relationships from a
monolignol transcript to its protein were included. In scenario 1, only the targeted
monolignol transcripts were used as input abundances (yellow), the untargeted
transcripts remained at wildtype levels (gray) and the protein abundances were
predicted (red). In scenario 2, all of the monolignol transcript abundances were used as
input (yellow) to predict (red) the monolignol protein abundances.

Computational model

We developed a computational model that describes the observed cross-talk or
interactions among the monolignol genes by representing each monolignol transcript and
protein as a linear combination of the other monolignol transcripts and proteins. This
formulation allows us to describe the indirect cross-influences as transcript to transcript
and protein to transcript influences to represent influences impacting transcription, and
transcript to protein and protein to protein influences to represent the indirect
influences affecting the protein abundances. We estimated the weights of the
connections that make up these linear combinations using a sparse maximum likelihood
algorithm and the mean abundances from the experimental lines (see Methods and S1
Text). Using this model, we simulated the response of the untargeted monolignol gene
transcripts and proteins based on the desired transcript abundance of a targeted
monolignol gene or gene family (Fig [2JA). We compare our model with the model from
Wang et al. [4] which assumed that all of the protein abundances were proportional to
their transcript levels (Fig [2B). We compare our model to two specific scenarios of this
old model: scenario 1, where the desired targeted transcript levels are specified and the
untargeted transcripts remain at wildtype levels, and scenario 2 where the full
transcript profile is specified. We estimate the untargeted monolignol transcript and
protein abundances using our model and both scenarios of the old model for single gene
and gene family knockdowns corresponding to the transgenic experiments [4]. When
exploring novel combinatorial knockdowns, however, where complete transcript profiles
are unknown, scenario 2 cannot be simulated. We refer to the transcript of a gene as
tGENE and the protein of a gene as pGENE in the following sections.

We performed a 10x10-fold cross-validation resulting in 100 training and testing
folds. The proposed model and the old model were trained on each of the 100 training
folds. For each of the trained models, the knockdown experiments in the training fold
and corresponding testing fold were emulated following the model estimation procedure
(see Methods) for our model, and following scenario 1 for the old model. In each of
these emulated experiments, the trained models estimated the untargeted monolignol
gene transcripts and proteins. Fig [3|shows boxplots of the resulting root mean square
errors (RMSE) of the estimated abundances across the 100 training (Fig[BJA and B[C)
and 100 testing folds (Fig and ) for both our proposed model and the old model
(Fig and B - scenario 1). We performed a t-test to compare the distributions of the
RMSEs from the new model and the old model for each monolignol transcript and
protein. The x-axis labels with an asterisk had a significant difference (p<0.05) in the
means of the distributions from the new model (red) and scenario 1 of the old model
(vellow). We see that all of the training sets were shown to have a significant difference
(Figs and ) while in the testing sets, 14 out of 20 of the transcripts and 11 out of
20 of the proteins were shown to have a significant difference (Figs and ) In each

of the significant cases, the distributions from the new model have a lower mean RMSE.
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Fig 3. Boxplots of the RMSEs from the 10x10-fold cross-validation. Central
marks indicate the medians and the bottom and top edges of each box indicate the 25th
and 75th percentiles respectively. For these plots we normalized the RMSE for each
monolignol transcript and protein by their corresponding standard deviations estimated
from the wildtype experiments. This normalization allows each of the monolignol
transcripts and proteins to be viewed on similar scales. Since the RMSEs from both
models are scaled the same, this does not alter the interpretation of the results. Red
boxes are from our new model, and the yellow boxes are from the old model. (A)
Transcripts: training folds. (B) Transcripts: testing folds. (C) Proteins: training folds.
(D) Proteins: testing folds.

Fig 4. Heatmaps of the relationships in the transcript-protein models. (A)
Heatmap of the edge matrix B (Eq|3]) solved using a sparse maximum likelihood
estimator. Green for positive influence, red for negative influence. Edges are from
columns to rows (e.g., the first row shows edges tPAL3 — tPAL1, tCCR2 — tPALI,
tHCT6 — tPAL1, pC3H3 — tPAL1, pCAD2 — tPAL1, pCAld5H2 — tPAL1, and
pCCoAOMT3 — tPAL1). There were 295 edges detected out of a possible 1540 (19.16%
sparse). (B) The corresponding heatmap for the relationships considered in the old
model (t; — p;).

These cross-validation results show that our model performs as well or better than the
scenario 1 of the old model.

Fig shows a heatmap of the relationships identified in our model (B in Eq
when trained on the means from all of the experimental lines. Green represents a
positive influence, and red represents a negative influence. Each column represents the
transcript or protein that is the source of an influence, and the row represents the
transcript or protein that is being influenced. The top left quadrant contains the
transcript to transcript influences, the top right quadrant contains the protein to
transcript influences, the bottom left quadrant contains the transcript to protein
influences, and the bottom right quadrant contains the protein to protein influences.
There were 295 relationships detected out of a possible 1540 (19.16% sparse). The full
set of relationships and their weights for our model can be found in Table S1. For
comparison, Fig shows the equivalent representation of the old model, which just
contains the t; — p; relationships. As expected, a positive influence was detected for
each transcript to its associated protein (¢; — p;). The transcript to transcript and
protein to protein influences make up the majority of the remaining influences
estimated. There are not many protein to transcript influences detected, suggesting that
protein abundances that are altered due to post-transcriptional or post-translational
mechanisms may not result in changes at the transcriptional level that you would see
with a targeted knockdown of that gene. Such as when the abundance of pCAD1 is
decreased in the PtrCCoAOMT3 (Fig[IE), Ptr4CL3 (Fig S4A), or Ptr4CL5 (Fig S4B)
knockdowns, but the changes in transcript abundance that occur when PtrCADI is
knocked down (Fig[I[C, Fig S2C) are not observed.

To further evaluate how well our model captures these cross-influences affecting the
monolignol transcript and protein abundances, we used our model and scenarios 1 and 2
of the old model to emulate the five transgenic experiments from our differential
abundance analysis. For each of the five targeted experiments, we further described the
results from the models for a subset of the untargeted monolignol genes that had a
significant change in the abundance of their transcripts, proteins, or both in the
differential abundance analysis.
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Fig 5. Experimental and estimated abundances of untargeted monolignol
gene transcripts and proteins under PtrC3H3, PtrC4H1, and PtrC4H2
knockdowns. (A) Diagram showing targeted monolignol gene transcripts (purple), the
transcripts and proteins that were found to have a significant change in abundance in at
least one of the experimental lines (). (B) Level of knockdown of the targeted gene
transcripts across the experimental lines. Experimental and estimated untargeted
monolignol gene transcript and protein abundances for (C) t4CL5, (D) p4CL5, (E)
tCAld5H2, (F) pCAld5H2, (G) tHCT1, and (H) pHCTL.

PtrC3H3, PtrC4H1, and PtrC4H2 knockdowns

Three experimental lines were analyzed where PtrC3H3, PtrC4H1, and PtrC4H2 were
knocked down (Fig[5). From the differential abundance analysis, there were 5
transcripts and 11 proteins of the untargeted genes that had a significant change in
abundance in at least one of the experimental lines, which are signified by an asterisk
(Figs[[A, [5]A). We include significant changes that occur in at least one of the lines
since each line represents a different amount of knockdown of the targeted genes. We
selected Ptr4CL5, PtrCAId5H2, and PtrHCT1 transcripts and proteins to compare the
simulated results from our model with scenarios 1 and 2 of the old model. Fig shows
the levels of knockdown for each of the three lines for the PtrC3H3, PtrC4H1, and
PtrC4H2 transcripts. The knockdowns range from ~65% to ~10% of wildtype levels for
tC3H3 and tC4H1, and ~110% to ~25% of wildtype levels for tC4H2. These tC3H3,
tC4H1, and tC4H2 abundances were used to emulate these knockdown experiments in
our model and scenario 1 of the old model. For scenario 2 of the old model,
measurements from all of the monolignol transcripts were used.

A slight decrease to ~80% average wildtype levels was experimentally measured for
t4CL5 (Fig[fIC), but an increase up to ~250% was measured for p4CL5 (Fig[5D). Our
model captured this behavior, estimating a decrease in t4CL5 to ~80% of wildtype but
an increase in p4CL5 to ~175% of wildtype levels. Neither scenario of the old model
captured the increase in p4CL5, with scenario 2 estimating a small decrease in p4CL5
to ~80% corresponding to the decrease measured in t4CL5.

No change from wildtype levels was experimentally measured for tCAld5H2 (Fig [5E).

For pCAld5H2 a decrease to ~70% of wildtype levels was experimentally measured
(Fig[5F). For both tCAld5H2 and pCAld5H2, our model over-estimated a decrease in
the abundances to ~70% of wildtype for tCAId5H2 and ~45% of wildtype for
pCAId5H2. While scenario 2 of the old model did not estimate any change in the
abundance of pCAld5H2.

For all three lines, the measured abundances for tHCT1 remain around wildtype
levels (Fig ) while an increase in pHCT1 is experimentally measured ranging up to
~180% of wildtype levels (Fig ) Our model estimated wildtype level abundances for
tHCT1, and an increase up to ~150% of wildtype levels for pHCT1, which are
consistent with the experimentally measured values. Because there was no change in the
experimental transcript abundances, scenario 2 of the old model incorrectly estimates
no change in the abundance of pHCT1.

Neither scenario of the old model captured the increase in the Ptr4CL5 and
PtrHCT1 proteins or the decrease in the PtrCAId5H2 protein. Alternatively, our new
model successfully estimated these changes in the three proteins, estimated the decrease
in t4CL5 and estimated tHCT1 to remain around wildtype levels. It did, however,
predict a slight decrease in tCAId5H2 abundance, which was not observed
experimentally.
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Fig 6. Experimental and estimated abundances of untargeted monolignol
gene transcripts and proteins under PtrCAId5H1 and PtrCAId5H2
knockdowns. (A) Diagram showing targeted monolignol gene transcripts (purple), the
transcripts and proteins that were found to have a significant change in abundance in at
least one of the experimental lines (). (B) Level of knockdown of the targeted gene
transcripts across the experimental lines. Experimental and estimated untargeted
monolignol gene transcript and protein abundances for (C) tPAL2, (D) pPAL2, (E)
tC3H3, (F) pC3H3, (G) tHCT6, and (H) pHCTS6.

PtrCAIld5H1 and PtrCAIld5H2 knockdowns

Three experimental lines were analyzed where PtrCAId5H1 and PtrCAId5H2 were
targeted, knocking them down to values seen in experimental constructs (Fig @ From
the differential abundance analysis, there were 3 transcripts and 4 proteins of
untargeted genes that showed significant changes in abundance in at least one of the
experimental lines (Figs [IB, [fJA). From these, we selected the PtrPAL2, PtrC3H3, and
PtrHCT6 transcripts and proteins to compare the simulated results from our model
with scenarios 1 and 2 of the old model. Fig shows the levels of knockdown, ranging
from ~80% to ~20% of wildtype levels, for each of the three lines for the PtrCAId5H1
and PtrCAId5H2 transcripts. These tCAId5H1 and tCAld5H2 abundances were used to
emulate these knockdown experiments in our model and scenario 1 of the old model.
For scenario 2 of the old model, measurements from all of the monolignol transcripts
were used.

Increases up to ~150% of wildtype levels and ~200% of wildtype levels were
experimentally measured for tPAL2 (Fig[6[C) and pPAL2 (Fig[6]D) respectively. Our
model estimated increases in abundance up to ~140% of wildtype levels for tPAL2 and
~185% of wildtype levels for pPAL2, which are consistent with the experimentally
measured abundances. Scenario 2 of the old model was also consistent with the
experimentally measured pPAL2 abundances, estimating an increase up to ~175% of
wildtype levels.

Our model estimated wildtype level abundances for tC3H3 which is consistent with
the experimentally measured abundances (Fig[6[E). For pC3H3 an increase up to ~210%
of wildtype levels was experimentally measured (Fig @F Our model was consistent
with these results, estimating an increase up to ~200% of wildtype levels. Scenario 2 of
the old model, however, was not consistent with the experimental measurements, and
estimated wildtype levels for pC3H3.

Our model estimated wildtype level abundances for tHCT6 which is consistent with
the experimentally measured abundances (Fig Ep) For pHCT6 an increase up to
~280% of wildtype levels was experimentally measured (Fig @H) Our model was
consistent with these results, estimating an increase up to ~265% of wildtype levels.
Scenario 2 of the old model did not capture this increase in pHCT6, estimating wildtype
levels for all three lines.

Overall, our model captured the increase from wildtype in all three of the proteins,
while neither scenario of the old model captured the increase in pC3H3 and pHCT6.
Scenario 2 of the old model estimated the increase in pPAL2 similar to the estimates
from our model. The estimates from our model were consistent with the experimental
tC3H3 and tHCT6 which were measured to remain around wildtype levels, and the
measured increase in tPAL2.
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Fig 7. Experimental and estimated abundances of untargeted monolignol
gene transcripts and proteins under PtrCAD1 and PtrCAD2 knockdowns.
(A) Diagram showing targeted monolignol gene transcripts (purple), the transcripts and
proteins that were found to have a significant change in abundance in at least one of the
experimental lines (x). (B) Level of knockdown of the targeted gene transcripts across
the experimental lines. Experimental and estimated untargeted monolignol gene
transcript and protein abundances for (C) t4CL3, (D) p4CL3, (E) tC4H1, (F) pC4H1,
(G) tCAld5H1, and (H) pCAId5HI.

PtrCADI1 and PtrCAD2 knockdowns

Three experimental lines were analyzed where PtrCADI1 and PtrCAD2 were knocked
down (Fig|7). From the differential abundance analysis, there were 18 transcripts and
12 proteins of untargeted genes that showed significant changes in abundance in at least
one of the experimental lines (Figs , ) We selected the Ptr4CL3, PtrC4H1, and
PtrCAId5H]1 transcripts and proteins to compare the simulated results from our model
with scenarios 1 and 2 of the old model. Fig shows the amount that tCAD1 and
tCAD2 were knocked down in the three experimental lines. For all three of these lines,
tCAD1 was knocked down to ~5% of wildtype levels while tCAD2 ranged from no
change from wildtype to ~25% of wildtype. These tCAD1 and tCAD2 abundances were
used to emulate these knockdown experiments in our model and scenario 1 of the old
model. For scenario 2 of the old model, measurements from all of the monolignol
transcripts were used.

t4CL3 was experimentally measured in the range of ~80% to ~15% of wildtype
levels (Fig ) and p4CL3 was experimentally measured in the range of ~85% to ~5%
of wildtype levels (Fig[7D). Our model estimated a decrease to ~40% of wildtype levels
for t4CL3 and a decrease to ~50% of wildtype levels for p4CL3 for all three lines,
roughly consistent with the experimental measurements, though they do not capture the
variation across the three lines. Scenario 2 of the old model estimated abundances of
p4CL3 ranging from ~90% to ~15% of wildtype which is also consistent with the
experimentally measured abundances.

For tC4H1 a decrease in abundance was experimentally measured ranging from
~85% to ~50% of wildtype levels (Fig[T[E). A decrease in pC4H1 was experimentally
measured ranging from ~100% to ~40% of wildtype levels (Fig ) Our model
estimated a decrease to ~60% of wildtype levels for tC4H1 and a decrease to ~70% of
wildtype levels for pC4H1 for all three lines, roughly consistent with the experimental
measurements, though again, they do not capture the variation across the three lines.
Scenario 2 of the old model estimated a decrease in the abundances of pC4H1 ranging
from ~80% to ~50% of wildtype levels which are also consistent with the
experimentally measured abundances.

A decrease in the abundance tCAld5H1 was experimentally measured ranging from
~60% to ~20% of wildtype levels (Fig ), and a decrease in pCAId5H1 was
experimentally measured ranging from ~50% to ~15% of wildtype levels (Fig [7H). Our
model estimated a decrease to ~45% of wildtype levels for tCAld5H1 and a decrease to
~40% of wildtype levels for pCAId5H1 for all three lines, consistent with the
experimental measurements. Scenario 2 of the old model estimated decreases in
pCAId5H1 ranging from ~55% to ~20% of wildtype levels, also consistent with the
experimentally measured abundances.

Overall, scenario 2 of the old model did the best at estimating all three of the
proteins because the decrease was captured in the transcript abundances. However, our
model still captured the decrease from wildtype in both the transcripts and proteins
despite only using the PtrCADI1 and PtrCAD2 transcript abundances as inputs to the
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Fig 8. Experimental and estimated abundances of untargeted monolignol
gene transcripts and proteins under Ptr4CL3 and Ptr4CL5 knockdowns.
(A) Diagram showing targeted monolignol gene transcripts (purple), the transcripts and
proteins that were found to have a significant change in abundance in at least one of the
experimental lines (x). (B) Level of knockdown of the targeted gene transcripts across
the experimental lines. Experimental and estimated untargeted monolignol gene
transcript and protein abundances for (C) tCAld5H2, (D) pCAld5H2, (E) tCCoAOMTS3,
(F) pCCoAOMTS3, (G) tHCT1, and (H) pHCTI.

model. The estimates from our model for the transcripts and proteins are very similar
across the three experimental lines. This is due to the sparse maximum likelihood
algorithm identifying PtrCADI1, which was knocked down similarly for all three lines, as
a stronger influence on the other transcripts and proteins than PtrCAD2.

Ptr4CL3 and Ptr4CL5 knockdowns

Three experimental lines were analyzed where Ptr4CL3 and Ptr4CL5 were knocked
down (Fig . The differential abundance analysis identified 18 transcripts and 18
proteins of untargeted monolignol genes that showed significant changes in abundance
in at least one of the experimental lines (Figs , ) We selected the PtrCAId5H2,
PtrCCoAOMTS3, and PtrHCT1 transcripts and proteins to compare the simulated
results from our model with scenarios 1 and 2 of the old model. Fig shows the
different levels that t4CL3 and t4CL5 were knocked down for the three experimental
lines. For all three of the lines, the transcripts were knocked down to around the same
levels, ~5%-10% of wildtype levels. These t4CL3 and t4CL5 abundances were used to
emulate these knockdown experiments in our model and scenario 1 of the old model.
For scenario 2 of the old model, measurements from all of the monolignol transcripts
were used.

A decrease in abundance was experimentally measured in all three lines of tCAId5H2
ranging from ~50% to ~10% of wildtype levels (Fig ), and in pCAld5H2 ranging
from ~30% to ~10% of wildtype levels (Fig ) Our model estimated a decrease to
~55% of wildtype levels for both tCAld5H2 and pCAld5H2 for all three lines. The
decrease from wildtype in the estimated abundances is consistent with the experimental
measurements, though the estimates from our model are not as low as the experimental
values. Scenario 2 of the old model estimated a decrease in pCAId5H2 ranging from
~40% to ~10% of wildtype levels which is consistent with the experimentally measured
abundances.

There was a large amount of variation in the experimentally measured tCCoAOMT3
abundances across the three lines, ranging from an average of ~150% of wildtype to
~45% of wildtype levels (Fig ) For pCCoAOMT3 a decrease in abundance was
measured ranging from ~55% to ~10% of wildtype levels (Fig ) Our model
estimated wildtype levels for tCCoAOMT3 and a decrease to ~55% of wildtype levels
for pCCoAOMT3, consistent with the experimentally measured pCCoAOMT3. Due to
the wide range in the measured transcript abundances, scenario 2 of the old model
estimates protein abundances ranging from ~130% of wildtype to ~40% of wildtype
levels. The estimates from scenario 2 of the old model for line i15-03 are consistent with
the experimental measurements from that line, but its estimates from the other two
lines, i15-02 and i15-01, are not consistent with the experimental measurements.

For two of the experimental lines, 115-02 and 115-01, tHCT1 was experimentally
measured to be around wildtype levels. For the third line, i15-03, a decrease to ~25% of
wildtype levels was measured (Fig ) However, a decrease in abundance was
experimentally measured for pHCT1 in all three lines to ~30% of wildtype levels for
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Fig 9. Experimental and estimated abundances of untargeted monolignol
gene transcripts and proteins under PtrCCoAOMT3 knockdowns. (A)
Diagram showing targeted monolignol gene transcripts (purple), the transcripts and
proteins that were found to have a significant change in abundance in at least one of the
experimental lines (x). (B) Level of knockdown of the targeted gene transcripts across
the experimental lines. Experimental and estimated untargeted monolignol gene
transcript and protein abundances for (C) t4CL3, (D) p4CL3, (E) tCAD1, (F) pCADI,
(G) tHCT1, and (H) pHCT1.

lines i15-02 and i15-01 and to ~10% of wildtype levels for line i15-03 (Fig [8H). Our
model estimated a slight decrease in tHCT1 to ~80% of wildtype levels for all three
lines, and a decrease in pHCT1 to ~40% of wildtype levels in all three lines. The
estimates for tHCT1 are roughly consistent with the experimental measurements for
lines i15-02 and i15-01, but not for i15-03 which was much lower. The estimates for
pHCT1 are consistent with the experimentally measured abundances for pHCT1 for all
three lines. Because a decrease in tHCT1 abundance was only measured in line i15-03,
scenario 2 of the old model estimated a decrease in pHCT1 only for that line, to ~20%
of wildtype levels, consistent with the experimental measurements for that line.
However, for the other two lines i15-02 and i15-01, scenario 2 of the old model estimated
wildtype levels which are not consistent with the experimentally measured abundances
from those two lines.

Scenario 2 of the old model did the best at estimating the PtrCAId5H2 protein, but
only estimated a decrease in the PtrCCoAOMT3 and PtrHCT1 proteins for the third
line, i15-03. Our model, however, estimated a decrease in the abundances of all three
proteins for all three of the lines. Our model also captured the decrease in tCAld5H2,
and its estimates for tCCoAOMT3 and tHCT1 are reasonable considering the range of
the measured abundances across the three lines.

PtrCCoAOMT3 knockdowns

Three experimental lines were analyzed where PtrCCoAOMT3 was knocked down
(Fig @ The differential abundance analysis identified 3 transcripts and 16 proteins of
untargeted monolignol genes that had significant changes in abundance in at least one
of the experimental lines (Figs [, [9JA). We selected the Ptr4CL3, PtrCADI1, and
PtrHC'T1 transcripts and proteins to compare the simulated results from our model
with scenarios 1 and 2 of the old model. Fig shows the range that tCCoAOMT3 was
knocked down over the 3 experimental lines. In the first line, i21-03, tCCoAOMT3 was
not knocked down from wildtype. In the other two lines it was knocked down to ~20%
of wildtype levels. These tCCoAOMT3 abundances were used to emulate these
knockdown experiments in our model and scenario 1 of the old model. For scenario 2 of
the old model, measurements from all of the monolignol transcripts were used.

A decrease in abundance was experimentally measured for t4CL3 ranging from
wildtype levels to ~40% of wildtype levels (Fig Ep) However there is a large amount of
variation between replicates, especially for lines i21-06 and i21-08. Our model did not
estimate any change from wildtype levels for all three lines. A decrease in p4CL3 was
experimentally measured ranging from ~35% to ~20% of wildtype levels (Fig EID) Our
model only estimated a decrease to ~75% of wildtype levels and scenario 2 of the old
model estimated a decrease ranging from no change from wildtype to ~50% of wildtype,
neither of which are very consistent with the decrease that was experimentally
measured.

A decrease in abundance was experimentally measured for tCAD1 ranging from
wildtype levels to ~60% of wildtype levels (Fig @E) However there is, again, a large
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amount of variation between replicates, especially for lines i21-06 and i21-08. Our model
did not estimate any change from wildtype levels for all three lines. A decrease in
pCADI1 was experimentally measured ranging from ~45% to ~25% of wildtype levels
(Fig[JF). For the two lines where tCCoAOMT3 was decreased, i21-06 and i21-08, our
model estimated a decrease in pCAD1 to ~55% of wildtype levels, consistent with the
expermental values. For the same lines, scenario 2 of the old model estimated a decrease
in pCADI1 ranging from ~75% to ~55% of wildtype levels.

A decrease in abundance was experimentally measured for tHCT1 ranging from
~120% to ~50% of wildtype levels (Fig EK}) Again, there is a large amount of variation
between replicates, especially for lines i21-06 and i21-08. Our model did not estimate
any change from wildtype levels for tHCT1 for all three lines. A decrease in pHCT1 was
experimentally measured ranging from ~45% to ~15% of wildtype levels (Fig[JH). Our
model did not estimate any change from wildtype levels for all three lines, while
estimates from scenario 2 of the old model ranged from ~120% to ~50% of wildtype
levels, neither of which are very consistent with the decrease that was experimentally
measured.

Overall, neither our model, nor the old model, did a good job at estimating the
experimentally observed changes for the Ptr4CL3 and PtrHCT1 transcripts and
proteins. However, our model was able to better capture the decrease in pCAD1 than
scenario 2 of the old model.

Discussion

Significant work has been done in recent years to understand the transcriptional
regulation of monolignol biosynthesis and wood formation [12/41,|42]. Chen et al., [12]
recently constructed a heirarchical transcriptional regulatory network for wood
formation in P. trichocarpa. They identified 7 transcription factors (TFs) that regulated
10 of the monolignol specific genes: PtrPAL2, PtrCCoAOMT1, PtrCCoAOMT2,
PtrCAId5H1, PtrCAId5H2, PtrAldOMT2, PtrCADI1, PtrHCT1, PtrHCT6, and
PtrC4H1 [12]. In the PtrCADI and PtrCAD2 transgenics (Fig [LIC) we found these 10
transcripts, among others, to be differentially expressed. Many of the TFs that Chen et
al., identified as regulators of these genes were also found to be differentially expressed
in these transgenics (Fig S5), further supporting that the cross-influences impacting the
abundances of these transcripts are occuring through TF regulation.

In addition to changes in transcript abundance, we also observed several cases where
monolignol protein abundances were significantly altered when their transcripts were
not. This behavior has previously been observed in secondary cell wall proteins of
Arabidopsis [37,38] and in tobacco during cell differentiation [39]. Compared to
transcriptional regulation, less is known about the role of post-transcriptional and
post-translational regulatory mechanisms on monolignol biosynthesis. Phosphorylation
of the PtrPAL protein was proposed for monolignol biosynthesis over two decades ago,
though the role of this phosphorylation is unknown [43,44]. Wang et al., [15]
characterized the phosphorylation of the PtrAIdOMT?2 protein in P. trichocarpa. This
post-translational modification was found to impact the activity of the PtrAIdOMT?2
protein but not its abundance. Loziuk et al., identified 12 monolignol proteins that
contain motifs for potential glycosylation in P. trichocarpa [16]. The proteins they
identified include pPAL1, pPAL3, pPAL4, pPAL5, pC3H3, p4CL3, pCAD2, pCAIld5H2,
pCCoAOMT1, pCCoAOMT?2, pCCR, and pHCT1. Like phosphorylation, glycosylation
can regulate protein localization, functional activity, ability to form multienzyme
complexes, and stability [16].

Glycosylation could explain some of the behavior we observed in the protein
abundance data. In the PtrC3H3, PtrC4H1, and PtrC4H2 knockdowns (Fig[1JA) and
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the PtrCAId5H1 and PtrCAId5H2 knockdowns (Fig ) we observed significant changes

in the PtrPAL, PtrHCT, PtrCCoAOMT2, PtrCAIld5H, PtrC3H3, and Ptr4CL proteins.
At least one protein in each of those families was found to have glycosylation motifs [16].

The PtrHCT proteins, particularly, had significant changes in their protein abundances,
which were not observed in their transcripts across multiple transgenic knockdowns
(Fig ,B,D,E, Fig S4A B), or where their transcripts were differentially expressed but
the proteins were not significantly different from wildtype (Fig , Fig S2B). Further,
there appear to be relationships among the PtrHCT, Ptr4CL, PtrCCoAOMTS3, and the
PtrCADI proteins (Fig 7E, Fig S4A,B), with reciprocal indirect influences between
the Ptr4CL and PtrCCoAOMT3 proteins, suggesting a potential feedback mechanism.
The sparse maximum likelihood estimator detected several connections among these
proteins, including positive influences from p4CL3, p4CL5, pCAD1 and pHCT1 on
pCCoAOMTS, from p4CL5, pCCoAOMT3, and pHCT1 on pCADI1, from the p4CLs
and pCCoAOMTS3 on the pHCTs, and from pCCoAOMT3 and the pHCTSs on the
p4CLs (Fig ) Further experiments are needed to identify the specific regulatory
mechanisms that are responsible for these cross-influences.

We used the connections identified by the sparse maximum likelihood estimator to
define our new transcript-protein model for monolignol biosynthesis. Using this model,
we emulated the 225 wildtype and transgenic knockdown experiments using only the
measured transcript abundances from the targeted monolignol genes as an input and
estimating the abundances of the other, untargeted, transcripts and proteins. We
compared these estimates to those found using the old model [4], which assumes the
protein abundances are linearly proportional to the transcript abundance of the same
monolignol gene. We performed a 10x10-fold cross-validation and compared the
resulting RMSE distributions from the old model and our new model. The mean RMSEs
for 14 of the 20 transcripts and 11 of the 20 proteins were found to be statistically lower
in our new model than the old model. We then simulated the transgenic experiments
from our differential abundance analysis using our model and scenarios 1 and 2 of the
old model, and compared the estimated transcript and protein abundances of selected
untargeted genes of interest. As expected, scenario 2 of the old model, which uses the
full transcript abundance profiles, did the best at estimating the proteins whose
abundance levels tracked the abundance levels of its transcripts, such as Ptr4CL3,
PtrC4H1, and PtrCAId5H]1 in the PtrCADI1 and PtrCAD2 knockdown experiments
(Fig[1C-H), and PtrCAId5H2 in the Ptr4CL3 and Ptr4CL5 knockdowns (Fig[§C-D).
However, using only the targeted PtrCADI1 and PtrCAD2 or Ptr4CL3 and Ptr4CL5
transcripts respectively, our model was still able to estimate the decreases in both the
transcripts and proteins for all four of these genes. Additionally, our model was able to
capture several changes in protein abundances that the old model was not, including
Ptr4CL5, PtrCAId5H2, and PtrHCT1 in the PtrC3H3, PtrC4H1, and PtrC4H2
knockdowns; PtrC3H3 and PtrHCTG in the PtrCAId5H1 and PtrCAId5H2 knockdowns;
and PtrCCoAOMT3 and PtrHCT1 in the Ptr4CL3 and Ptr4CL5 knockdowns.

Neither model was able to estimate the changes in abundance of the Ptr4CL3 and
PtrHCT1 proteins in the PtrCCoAOMT3 transgenics. Our model includes relationships
from pCCoAOMT3 to p4CL3 and pHCT1. Despite this, our model does not capture the
size of the decrease in the abundances of these proteins. One explanation for why the
extent of these regulatory influences are not captured in our simulations could be due to
constraining the regulatory influences to additive linear relationships. Some of the
shortcomings of an additive linear model include not allowing for nonlinear relationships
and not being able to capture synergistic influence behaviors (i.e., when multiple
components are needed to see an effect).

The monolignol proteins are the driving forces in the biosynthesis pathway, so being
able to accurately understand and estimate how they change under different
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combinations and degrees of targeted genetic modifications is important for the accuracy
of predictive models. Regulatory influences that occur after transcription appear in the
monolignol data of stem differentiated xylem tissue in P. trichocarpa, and we have
developed a computational model that incorporates influences on both the monolignol
transcripts and proteins. We have demonstrated specific examples where our model
produces better estimates of experimental monolignol gene proteins than the old model
when both models use only the targeted monolignol transcript abundances as input. In
several cases our model, using only the targeted transcript abundances, produced better
estimates than scenario 2 of the old model where all of the experimental transcript
abundances were used. By incorporating these indirect regulatory influences, we believe
our model has improved ability to explore the cascaded impact of genetic modifications
on resulting lignin and wood characteristics. Future work will evaluate how our model
performs on independent data, incorporate the model into the multi-scale model in [4],
and use the multi-scale model to explore the possible changes in lignin and wood
characteristics under combinations of lignin gene modifications.

Methods

Monolignol transcript-protein model

The multi-scale lignin biosynthesis model presented in [4] spans multiple biological
layers from the genome to observed lignin and wood physical and chemical traits.
However, that model [4] makes the simplifying assumption that each monolignol gene’s
protein abundance is dependent only on its transcript abundance. This does not reflect
any changes that are observed in the abundance of the non-targeted genes. Here, we
present a new model that incorporates the observed influences that estimate the
production of untargeted monoligninol transcripts and proteins. The code associated
with this model can be found at
https://github.ncsu.edu/mlmatth2/Monolignol-Cross-Regulation-Model.

Because we are interested in identifying regulatory influences at not only the
transcriptional level, but also the translational level, we combined the two datasets,
such that we are now looking at each of the 20 transcripts and 20 proteins as 40 total
variables in our model.

Model development

The goal of the model development is to find the underlying influences on each
monolignol gene product (its transcripts and proteins) when the expression of other
monoligninol genes are modified. We describe each transcript and protein as a linear
combination of the other transcripts and proteins as shown in Eq .

Yi =pi + Bayi + -+ Bijy; + -+ Bimym +€ VjiFi (1)

Where y; is the abundance of the i*" gene product, and we have M total gene
products (% transcripts and % proteins). B;; is a constant term that reflects the
influence of gene product j on gene product 7, u; is a constant that represents the

portion of y; that is not described by the other lignin gene products, and € is the error.

The influences described by B;; should be consistent across multiple experiments, so we
can describe Eq over a collection of experiments as shown in Eq .
y;F :ﬂ11T+Blly?++B”yJT++BZMyﬂ+€T V] 75’6 (2)

Where y; € RV is the abundances of i*" gene product over N experiments. We can
combine this into one model for all the transcripts and proteins as shown in Eq .
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Y =BY +pl1” +E (3)

Where Y = {g

transcripts (T) and associated 2 proteins (P) for each of the N experiments.

B € RM*M g the collection of influence terms B;;. Because each y; is a function of the
other gene products y; Vj # ¢, the diagonal elements of B, B;; = 0 Vi. Additionally, we
also enforce a constraint that a transcript cannot be influenced by its associated protein
(pi A ti). pne RM is a vector containing a constant term for each gene product, and

1 € RV is a vector of all ones. E = [€; € -+ ey] represents the error where

€; ~ N(0,0°I) and is considered independent and identically distributed.

We used a sparse maximum likelihood (SML) estimator [29] adjusted for our model
and data structure (S1 Text) to solve for B and p. SML adds an ¢;-norm regularization
term to the maximum likelihood, encouraging elements of B to be zero if they are not
sufficiently useful to describing Y. A coordinate-ascent algorithm is used, allowing us to

} € RM*N is a matrix composed of the abundances for the %

solve for the influences defined in B and @ on a row-by-row basis as described in Eq .

This allows us to control which experiments are used to solve for the i*" row of B and
p, bl and p; respectively. This is important because we do not want to include the
experiments where component ¢ was targeted. In those experiments, an outside
influence that is not included in the model is impacting its abundance. Only transcripts
were considered to be targets at this stage, as those are what is directly modified in the
knockdown experiments. See S1 Text for more details on the model development and
SML approach.

Estimating monolignol transcripts and proteins

We can use the influences B and p solved for in the model development stage and
Eq to estimate how knocking down a single or combination of monolignol genes
alters the abundances of the untargeted monolignol transcripts and proteins.

Ypred = (I - KtargB)il(KtargH + Xtarg)- (4)

We set the abundance of our targeted components to the desired knocked down
amount using the vector Xiarg € RM  and remove the model influences that would alter
these set abundances using Kiarg € RMXM  Where Xtarg = Ziemrg z;e; and
Kiag =1 — Zietarg eieiT. e; is the i*® unit vector. This configuration allows us to set
the targeted monolignol gene components to a desired value while keeping the
relationships that influence the untargeted monolignol transcripts and proteins.

A drawback of using the additive linear model to describe both the monolignol
transcripts and proteins, is that a complete knockout of a targeted transcript may not
result in our model estimating its protein to be completely knocked out as well. This
presents an issue if the goal is to examine the impact of complete knockouts of targeted
monolignol genes. To get around this issue, we assume that the targeted change in a
transcript results in a proportional change to its protein abundance. For example, if we
want to see what happens when we knock transcript 1, t; down to 10% of its wildtype
abundance, then xf, . = [0.1-¢7* 0 --- 01-p{* 0 --- 0] and

I T
Kiag =I—ejej €11 0m/2%14M)2

Differential abundance analysis

We performed the differential abundance analysis for the monolignol gene transcripts [4]
using the R package DESeq2 [|45] for each batch individually using the RNA-seq
libraries available under GEO accession number GSE78953. The proteomics data [4]
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was log2 transformed and the limma package [46/47] was used for each batch to identify
significant differential abundance [48]. The proteomics data set is available on CyVerse
(http://mirrors.iplantcollaborative.org/browse/iplant /home/shared /LigninSystesmDB).

Missing data imputation

In the proteomics data set, 83 out of the 4500 proteins measured (1.8%) could not be
quantified. We employed a series of rules to estimate these missing values: 1) If the
protein was successfully measured for at least one other replicate in the same line, then
the missing value was replaced with the average abundance of the protein from the
other replicates of that line. This accounted for 42 of the missing values. 2) If a protein
was not quantified for all replicates of an experimental line, then 2a) if the missing value
is for a protein associated with the monolignol gene targeted for knockdown, we
replaced the missing value with the fraction of its average wildtype abundance that its
associated transcript was knocked down. For example, if the associated transcript was
knocked down to 10% of its average wildtype value, then the missing protein value was
replaced with 10% of its average wildtype value. This accounted for 30 of the missing
values. 2b) The remaining missing values were replaced with the average wildtype value
of that protein. This accounted for 11 of the missing values.

Supporting information

S1 Text. Supporting information.

S1 Fig. Monolignol gene transcript and protein differential abundance
(cont.). (A) PtrPALI knockdown experiments (Construct al). (B) PtrPAL2, PtrPAL4,
and PtrPALS5 knockdown experiments (Construct i7). (C) PtrPAL4 knockdown
experiments (Construct a3). (D) PtrPAL5 knockdown experiments (Construct a4). (E)
PtrPAL2 knockdown experiments (Construct a5). (F) PtrPALI and PtrPAL3
knockdown experiments (Construct i6). Gray boxes are due to missing data. Rows are
the monolignol gene names, with the targeted genes for each experiment in purple.
Columns are the experimental lines. * indicates paq;<0.05.

S2 Fig. Monolignol gene transcript and protein differential abundance (cont.).
(A) PtrPALI-PtrPAL5 knockdown experiments (Construct i8). (B) PtrC3H3 knockdown
experiments (Construct i20). (C) PtrCADI knockdown experiments (Construct i33). (D)
PtrC4H2 knockdown experiments (Construct a9). (E) PtrC4H1 knockdown experiments
(Construct a10). (F) PtrCCR2 knockdown experiments (Construct i26). Gray boxes are due to
missing data. Rows are the monolignol gene names, with the targeted genes for each
experiment in purple. Columns are the experimental lines. * indicates paq;<0.05.

S3 Fig. Monolignol gene transcript and protein differential abundance (cont.).
(A) PtrHCT1 knockdown experiments (Construct al7). (B) PtrHCT6 knockdown experiments
(Construct al8). (C) PtrCCoAOMT1I knockdown experiments (Construct a22). (D)
PtrCAId5H1 knockdown experiments (Construct a27). (E) PtrCAId5H2 knockdown
experiments (Construct a28). (F) PtrHCT1 and PtrHCTG6 knockdown experiments (Construct
i19). Gray boxes are due to missing data. Rows are the monolignol gene names, with the
targeted genes for each experiment in purple. Columns are the experimental lines. * indicates
Padj <0.05.

S4 Fig. Monolignol gene transcript and protein differential abundance (cont.).
(A) Ptr4CL3 knockdown experiments (Construct al2). (B) Ptr4CL5 knockdown experiments
(Construct al3). (C) PtrCCoAOMT1 and PtrCCoAOMT2 knockdown experiments (Construct
i24). (D) PtrAldOMT?2 knockdown experiments (Construct i30). Gray boxes are due to
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missing data. Rows are the monolignol gene names, with the targeted genes for each
experiment in purple. Columns are the experimental lines. * indicates paq;<0.05.

S5 Fig. Transcription factor expression in PtrCAD1 and PtrCAD2 knockdowns.
Rows are the TFs identified in [12] that regulate the monolignol genes. Columns are the
experimental lines. * indicates paqj<0.05.

S1 Table. Table of relationships identified using SML approach.

Acknowledgments

This work was supported by NSF Grant DBI-0922391 and a National Physical Science
Consortium (NPSC) Graduate Fellowship. We also thank David C. Muddimann for his work
quantifying the proteomics used in this manuscript.

References
1. Higuchi T. Biosynthesis of Wood Components. In: Biochemistry and Molecular Biology
of Wood. Springer, Berlin, Heidelberg; 1997. p. 93-262.

2. Freudenberg K. Lignin: Its Constitution and Formation from p-Hydroxycinnamyl
Alcohols. Science. 1965;148(3670):595-600.

3. Vance CP, Kirk TK, Sherwood RT. Lignification as a Mechanism of Disease Resistance.

Annual Review of Phytopathology. 1980;18(1):259-288.
doi:10.1146 /annurev.py.18.090180.001355.

4. Wang JP, Matthews ML, Williams CM, Shi R, Yang C, Tunlaya-anukit S, et al.
Improving wood properties for wood utilization through multi-omics integration in lignin
biosynthesis. Nature Communications. 2018;9(1):1579. doi:10.1038/s41467-018-03863-z.

5. Sarkanen KV. Precursors and their polymerization. Lignins: occurrence, formation,
structure and reactions. 1971; p. 95-163.

6. Chiang VL. From rags to riches. Nature Biotechnology. 2002;20(6):557-558.
doi:10.1038 /nbt0602-557.

7. Chen F, Dixon RA. Lignin modification improves fermentable sugar yields for biofuel
production. Nature Biotechnology. 2007;25(7):759-761. do0i:10.1038/nbt1316.

8. Li Y, Huang Y, Bergelson J, Nordborg M, Borevitz JO. Association mapping of local
climate-sensitive quantitative trait loci in Arabidopsis thaliana. Proceedings of the

National Academy of Sciences of the United States of America. 2010;107(49):21199-204.

doi:10.1073/pnas.1007431107.

9. Thoen MPM, Davila Olivas NH, Kloth KJ, Coolen S, Huang PP, M Aarts MG, et al.
Genetic architecture of plant stress resistance: multi-trait genome-wide association
mapping. New Phytologist. 2017;213:1346-1362. doi:10.1111/nph.14220.

10. Haak DC, Fukao T, Grene R, Hua Z, Ivanov R, Perrella G, et al. Multilevel Regulation
of Abiotic Stress Responses in Plants. Frontiers in Plant Science. 2017;8:1564.
doi:10.3389/1pls.2017.01564.

11. Nakashima K, Ito Y, Yamaguchi-Shinozaki K. Transcriptional regulatory networks in
response to abiotic stresses in Arabidopsis and grasses. Plant physiology.
2009;149(1):88-95. d0i:10.1104/pp.108.129791.

12. Chen H, Wang JP, Liu H, Li H, Lin YCJ, Shi R, et al. Hierarchical Transcription-Factor

and Chromatin Binding Network for Wood Formation in Populus trichocarpa. The Plant
cell. 2019; p. tpc.00620.2018. doi:10.1105/tpc.18.00620.

13. Vogel C, Marcotte EM. Insights into the regulation of protein abundance from
proteomic and transcriptomic analyses. Nature Reviews Genetics. 2012;13(4):227-232.
doi:10.1038 /nrg3185.

June 12, 2019

1821

680

681

682

683

684

685

686

687

688

689


https://doi.org/10.1101/677047
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/677047; this version posted June 19, 2019. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

aCC-BY 4.0 International license.

Nelson CJ, Millar AH. Protein turnover in plant biology. Nature Plants 2015 1:3.
2015;1(3):15017. doi:10.1038 /nplants.2015.17.

Wang JP, Chuang L, Loziuk PL, Chen H, Lin YC, Shi R, et al. Phosphorylation is an
on/off switch for 5-hydroxyconiferaldehyde O-methyltransferase activity in poplar
monolignol biosynthesis. Proceedings of the National Academy of Sciences.
2015;112(27):8481-8486. doi:10.1073/PNAS.1510473112.

Loziuk PL, Hecht ES, Muddiman DC. N-linked glycosite profiling and use of Skyline as
a platform for characterization and relative quantification of glycans in differentiating
xylem of Populus trichocarpa. Analytical and Bioanalytical Chemistry.
2017;409(2):487-497. doi:10.1007/s00216-016-9776-5.

Lin CY, Wang J, Li Q, Chen HC, Liu J, Loziuk P, et al. 4-Coumaroyl and Caffeoyl
Shikimic Acids Inhibit 4-Coumaric Acid:Coenzyme A Ligases and Modulate Metabolic
Flux for 3-Hydroxylation in Monolignol Biosynthesis of Populus trichocarpa. Molecular
Plant. 2015;8(1):176-187. doi:10.1016/J.MOLP.2014.12.003.

Wang JP, Naik PP, Chen HC, Shi R, Lin CY, Liu J, et al. Complete Proteomic-Based
Enzyme Reaction and Inhibition Kinetics Reveal How Monolignol Biosynthetic Enzyme
Families Affect Metabolic Flux and Lignin in Populus trichocarpa. The Plant Cell.
2014;26(3):894-914. doi:10.1105/TPC.113.120881.

Lee WP, Tzou WS. Computational methods for discovering gene networks from
expression data. Briefings in Bioinformatics. 2009;10(4):408-423.
doi:10.1093/bib /bbp028.

Hecker M, Lambeck S, Toepfer S, van Someren E, Guthke R. Gene regulatory network
inference: Data integration in dynamic models—A review. Biosystems.
2009;96(1):86-103. doi:10.1016/J.BIOSYSTEMS.2008.12.004.

Sima C, Hua J, Jung S. Inference of Gene Regulatory Networks Using Time-Series Data:
A Survey. Current Genomics. 2009;10(6):416-429. doi:10.2174/138920209789177610.

Linde J, Schulze S, Henkel SG, Guthke R. Data- and knowledge-based modeling of gene
regulatory networks: an update. EXCLI journal. 2015;14:346-78.
doi:10.17179/excli2015-168.

Penfold CA, Wild DL. How to infer gene networks from expression profiles, revisited.
Interface Focus. 2011;1(6):857-870. doi:10.1098 /rsfs.2011.0053.

Koryachko A, Matthiadis A, Ducoste JJ, Tuck J, Long TA, Williams C. Computational
approaches to identify regulators of plant stress response using high-throughput gene
expression data. Current Plant Biology. 2015;3-4:20-29. doi:10.1016/J.CPB.2015.04.001.

Gardner TS, di Bernardo D, Lorenz D, Collins JJ. Inferring genetic networks and
identifying compound mode of action via expression profiling. Science (New York, NY).
2003;301(5629):102-5. doi:10.1126/science.1081900.

di Bernardo D, Thompson MJ, Gardner TS, Chobot SE, Eastwood EL, Wojtovich AP,
et al. Chemogenomic profiling on a genome-wide scale using reverse-engineered gene
networks. Nature Biotechnology. 2005;23(3):377-383. doi:10.1038/nbt1075.

Logsdon BA, Mezey J. Gene Expression Network Reconstruction by Convex Feature
Selection when Incorporating Genetic Perturbations. PLoS Computational Biology.
2010;6(12):e1001014. doi:10.1371/journal.pcbi.1001014.

Liu B, de la Fuente A, Hoeschele I. Gene network inference via structural equation
modeling in genetical genomics experiments. Genetics. 2008;178(3):1763-76.
doi:10.1534 /genetics.107.080069.

Cai X, Bazerque JA, Giannakis GB. Inference of Gene Regulatory Networks with Sparse
Structural Equation Models Exploiting Genetic Perturbations. PLoS Computational
Biology. 2013;9(5):¢1003068. doi:10.1371/journal.pcbi.1003068.

Tibshirani R. Regression Shrinkage and Selection Via the Lasso. Journal of the Royal
Statistical Society: Series B (Methodological). 1996;58(1):267—288.
doi:10.1111/j.2517-6161.1996.tb02080.x.

June 12, 2019

19/21


https://doi.org/10.1101/677047
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/677047; this version posted June 19, 2019. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

aCC-BY 4.0 International license.

Omranian N, Eloundou-Mbebi JMO, Mueller-Roeber B, Nikoloski Z. Gene regulatory
network inference using fused LASSO on multiple data sets. Scientific Reports.
2016;6(1):20533. doi:10.1038/srep20533.

Efron B, Hastie T, Johnstone I, Tibshirani R. Least angle regression. The Annals of
Statistics. 2004;32(2):407-499. doi:10.1214,/009053604000000067.

Haury AC, Mordelet F, Vera-Licona P, Vert JP. TIGRESS: Trustful Inference of Gene
REgulation using Stability Selection. BMC Systems Biology. 2012;6(1):145.
doi:10.1186/1752-0509-6-145.

Hecker M, Goertsches R, Engelmann R, Thiesen HJ, Guthke R. Integrative modeling of
transcriptional regulation in response to antirheumatic therapy. BMC Bioinformatics.
2009;10(1):262. doi:10.1186,/1471-2105-10-262.

Maier T, Giiell M, Serrano L. Correlation of mRNA and protein in complex biological
samples. FEBS Letters. 2009;583(24):3966-3973. doi:10.1016/J.FEBSLET.2009.10.036.

Battle A, Khan Z, Wang SH, Mitrano A, Ford MJ, Pritchard JK, et al. Genomic
variation. Impact of regulatory variation from RNA to protein. Science (New York, NY).
2015;347(6222):664-7. doi:10.1126/science.1260793.

Jamet E, Roujol D, San-Clemente H, Irshad M, Soubigou-Taconnat L, Renou JP, et al.
Cell wall biogenesis of Arabidopsis thaliana elongating cells: transcriptomics
complements proteomics. BMC Genomics. 2009;10(1):505. doi:10.1186,/1471-2164-10-505.

Minic Z, Jamet E; San-Clemente H, Pelletier S, Renou JP, Rihouey C, et al.
Transcriptomic analysis of Arabidopsis developing stems: a close-up on cell wall genes.
BMC Plant Biology. 2009;9(1):6. doi:10.1186/1471-2229-9-6.

Noguchi M, Fujiwara M, Sano R, Nakano Y, Fukao Y, Ohtani M, et al. Proteomic
analysis of xylem vessel cell differentiation in VND7-inducible tobacco BY-2 cells by
two-dimensional gel electrophoresis. Plant Biotechnology. 2018;35(1):31-37.
doi:10.5511 /plantbiotechnology.18.0129a..

Shuford CM, Li Q, Sun YH, Chen HC, Wang J, Shi R, et al. Comprehensive
Quantification of Monolignol-Pathway Enzymes in Populus trichocarpa by Protein
Cleavage Isotope Dilution Mass Spectrometry. Journal of Proteome Research.
2012;11(6):3390-3404. doi:10.1021/pr300205a.

Zhao Q, Dixon RA. Transcriptional networks for lignin biosynthesis: more complex than
we thought? Trends in Plant Science. 2011;16(4):227-233.
doi:10.1016/J.TPLANTS.2010.12.005.

Ohtani M, Demura T. The quest for transcriptional hubs of lignin biosynthesis: beyond
the NAC-MYB-gene regulatory network model. Current Opinion in Biotechnology.
2019;56:82-87. doi:10.1016/j.copbio.2018.10.002.

Bolwell GP. A role for phosphorylation in the down-regulation of phenylalanine
ammonia-lyase in suspension-cultured cells of french bean. Phytochemistry.
1992;31(12):4081-4086. doi:10.1016/0031-9422(92)80418-E.

Allwood EG, Davies DR, Gerrish C, Ellis BE, Bolwell GP. Phosphorylation of
phenylalanine ammonia-lyase: evidence for a novel protein kinase and identification of
the phosphorylated residue. FEBS Letters. 1999;457(1):47-52.
doi:10.1016,/S0014-5793(99)00998-9.

Love MI, Huber W, Anders S. Moderated estimation of fold change and dispersion for
RNA-seq data with DESeq2. Genome Biology. 2014;15(12):550.
doi:10.1186/s13059-014-0550-8.

Ritchie ME, Phipson B, Wu D, Hu Y, Law CW, Shi W, et al. limma powers differential
expression analyses for RNA-sequencing and microarray studies. Nucleic Acids Research.
2015;43(7):e47—e47. doi:10.1093 /nar/gkv007.

Phipson B, Lee S, Majewski 1J, Alexander WS, Smyth GK. Robust hyperparameter
estimation protects against hypervariable genes and improves power to detect differential
expression. The annals of applied statistics. 2016;10(2):946-963.
doi:10.1214/16-A0AS920.

June 12, 2019

20/21]


https://doi.org/10.1101/677047
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/677047; this version posted June 19, 2019. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under
aCC-BY 4.0 International license.

48. Kammers K, Cole RN, Tiengwe C, Ruczinski I. Detecting significant changes in protein
abundance. EuPA Open Proteomics. 2015;7:11-19. doi:10.1016/j.euprot.2015.02.002.

June 12, 2019 21


https://doi.org/10.1101/677047
http://creativecommons.org/licenses/by/4.0/

Figl

MNSFI-iEa-10
NSF3-iG9-13
MSF3-i89—4

& 4CLA

4CLE

bioRxiv preprint doi
certifie i

C3H3

C4HN
CaH2

CADA
CADe
CaldEHN
ClidEH2
CCH2
CLoan0MTY

= HCTH

Lo ]
&
:

: https://gloj
ARG

under, wh

.1101/677047; this version posted J&HE#T2019. The copyright holder for t

MEF3-i69-10

MEFE-i15-1

MEFI-i69-13

Froteins

MSFE-15-3

B 3 % {
S
| ol e

 ntermation ki ke
C4H1
G4H2
CAD
CAD2
CAISH1
CAldSH2

3]
&
:

se.

MEFG=i18=1

’

Transcripts

MEFE-i15-3

Proteins

CaH1
CaHz
CAD
CaD2
CAldSH1
CAald5HZ

CCR2
CCalOMT
CCahoMT2
CCaADMT

HCT

f2R2d

M

M

4CL3
ACLS

Wﬁt (which was not ASOATS

splay the preprint in perpetuity. It is made available under
CaH3 .

CADZ
CAKISH1
= B
CCR2
CCOADMT
CCoADMTZ
CCoADMTS
HGT1
= HCTB
! : PAL1
PAL2
i PAL3
PAL4
PALS
Proteins

MSFE—R21-3
NSFE-21-6
MNEFE-21-B

CloADMTI

HETH

I - NSF3-i35-7

NEF3=i35=15
MSF3-i25-1

I L] - L] L3 - H’EF‘S I'ﬁ_?

Froteins

MEF3I-i35-15
NEF3-i35-1


https://doi.org/10.1101/677047
http://creativecommons.org/licenses/by/4.0/

A B

New Model ‘Old Model
Input only target transcript(s) Scenari Ot rla r:gcﬁ?;t?gy target

Legend Scenario 2: Input all transcripts

Q Input abundance
Q Wildtype abundance
. Predicted abundance

Fig2


https://doi.org/10.1101/677047
http://creativecommons.org/licenses/by/4.0/

A e pe"'l"’l“ﬁﬁé‘&‘"’t“i“ﬁﬂ mﬁﬁmmﬁﬁeﬁﬁlﬂﬁm ety (face alate wier  Trangcript FIMSE Testing Folds

4.5 |

i

B

Mormalized RMSE

T —'é'—.'li
A=

-

?+

b4

1.5 k| Sl Tl &l & el I
- " @
yll JF @ ﬁtﬂ % @ T3 i : |* %
[ R
0:

-------

C  Protein RMSE; Training Folds

w | |- )
2° H \ AR 4
[0 i e | \

D 15| L 1# | ?E} | ¢

-E EI 2 + =4 Y IE'

w© " [ 1) |

£ ‘e ? %

o 1]

=

¥4

3"’}3 3“*’»&‘?}&;@#@’*@#&@*{’ *ﬁmﬁﬁﬁff ﬁ:v“& * &

B New Model

WF 1 "] "] "] "] 7"

Mormalized RMSE

.5.3.'4'5- |.$.%.|=;'="ﬁ"

LA
PXTXEEFIILY. gé;jf &;ﬁp 0

D Protein RMSE; Testing Folds
Sl ”_Hgi_. fit

0.5

qu c}?yﬁfﬁ@ f&&&yﬁw‘ﬂ*

Old Model - Scenario 1


https://doi.org/10.1101/677047
http://creativecommons.org/licenses/by/4.0/

B {old model)

Protein to transcript B

B (new model)

L= ...-_.awl.l......._...q.l_l_ e

Elpn{w.t.mmﬁw&ﬂ@..ﬁm@..h I - :
&33]

A Transcript to transcript



https://doi.org/10.1101/677047
http://creativecommons.org/licenses/by/4.0/

A

bioRxiv preprint doi: https://doi.org/10. 1101/% 047; this version posted June 19, 2019. The copyright holder for this preprint (which was not

certified by peer rev*iv) is th

has

nted bioR, allcense display t
-BY 4. Iﬁp

rnatlon@L nse. Q.. \

LaliPs
wﬁqélél

e aythor/funde
S

&~ O

o o o o &?“

&*b

preprint igmperpetuity. 4 is made aggilable un "?:SV \):]( @
SR AN

Q’P‘

S

3

e:,ﬁ@

& &"

?.
o'
G G N

" o &L
£ 9 AR AR Al il q’* q‘“
'E
(000000 . ® >
| ==
L]
_
)
k=
f_-} * * * * * * * * * * :l:
D
=
(a
@ Targeted * Significant Change in DAA {) Plots Shown
e 'Eriml:rlml of Targeted Genes e 1MCLS _— ICAldSH2 . IHCT1
LR : 8 4
‘-131:' b ] E .E a ‘_121:' & 51.E'|:l ﬂ_ & . 512‘[’ E = o
Eﬂ}n-i-iﬁ -- E1m-%‘n | -5 -3 100 - 4 © o ——— -0 1m--§- o—— sk Ei1e
= B B B g o B . -
Em.‘sn im ) E"‘ ﬂ'.' Em.? Em.g
gm N e gm o, | S w °
B E
i ]
é 40 - é 40 E & E L
204 20 20 20
g . I‘]ﬂ |‘|°__ g SN TNEEEL e S e — — O W SN e
wT B0 28,13 iBE.04 WT a0 ita.13 6004 WT a0 8.3 6004 WT iBe10 L= B G004
Targeted Transcripts, paCLS pCAIdSH2 pHCT1
. 250 g 140 200 5
Experimental Measurements . g =
L) 120 (-]
B PtrC3H3 g N " gm_g : NN — E 150 i -
AR 3 a-* * 5 .
Prff#HI é'g_'l.rﬂ:l g £ g éi - H_ .ﬁi & & ﬁ:_ f_ E =
FEICSEES 8 | ql o M. M. - A B g““"g;'&i" o~ Tl Tla
3 g o[ s s 8 8 " . s A £ | g E
2wl g g%
. 20
"TUWT weto eoaa eeod OTUWr  meto  eoaa mood "TUWT 1o weaa  eod

Fig5

Exper. Measurements
| | Est. Abundances, New Model

Est. Abundances, Old Model - Scenario 1

Est. Abundances, Old Model -

Scenario 2


https://doi.org/10.1101/677047
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/677047; this version posted June 19, 2019. The copyright holder for this preprint (which was not -\)‘:" -\{]{ 4 é 4
certified by peer revigw) is the thor/funde has nted bioRyv a Ilcense display th® preprint ig"perpetuity.# is made ilable un
*i é M -BY 4. @rnaﬂon@ nse. Q.. Qr:]' d&" 6@ \b EF" ?‘ %}v

B oW B £ vv??cccﬂc
%3333#?@?&’@@@@&&&&&@@?

%

a

| -

@000¢

-

uw

-

:00 Y *
&

(1

@ trgeted * Significant Change in DAA @ Plots Shown

o
O
m

G

e Transcripts of Targeted Genes Son IPAL2 _— tC3H3 . IHCTE
_1a0 : g _ & 120 g . g 120/ © . .
b o a L]
%14]1]- TI--E- %15':' . o E*I 8 %1m-«§via o § - o o %1m-%—-‘a E—.--ﬁ- -5 o S,
2 aol " & B B0 o # aonl B
Em E IE L1m-~§- o § o b o o = ="
aof & é 1 g sot ® 5 80
g ; o
i ]
é g0 _L = E é 50 E & E -
20 ¢ L |.‘. 20 20
d WT iZaH 2h.L iE'BI-.'I_ 0= WT _rE'El.H_rE'EL_i.E"E-_H_ 0= \;T _lgH_laL_E;M_ 0 'ET _I?;H_IE'EL_E'H_‘.M_
Targeted Transcripts, pPALZ pCaH3 pHCTS
. 250 " 300 350
Experimental Measurements g .
" PtrCAId5H1 g0 o B g gm’ °4
PtrCAId5H2 s . BR ol 3 T 3 ox
E‘Ellm p B -l- E.E i f_m -
o 1
§1ﬂ1’.‘| a n.l g n_' o :-n.- Em l- & i §1.'-D : 3 !
. DN 1N e
ok o fook-ofep- el e Jont ol flos et lef
50 - =]
@ S0f e
n 3 | | LA | 55 | | = s B I:' . | | I | | A | 55 | 1 4k E' — 1 | I | Lk | | § . | | B
WT 2aH (=18 2t WT 8- =1 i28.M WT 8- =L i8.M
Exper. Measurements Est. Abundances, Old Model - Scenario 1
| | Est. Abundances, New Model Est. Abundances, Old Model - Scenario 2

Fig6


https://doi.org/10.1101/677047
http://creativecommons.org/licenses/by/4.0/

A

bioRxiv preprint doi: https://doi.org/10.1101/677047; this version posted June 19, 2019. The copyright holder for this preprint (which was not
a']o nted bioR

@rnaﬂon@ nse. .Q..

certified by peer rev*iv) is the aythor/funder;
& 3% 8&
il

has

& o o

-BY 4.

a Ilcense display t

&

o o @

&*b

A\

preprint igmperpetuity. 4 is made aggilable un "?:SV \):]( @
SR AN

& &"

S

Q’P‘

’i* {
o'
G G N

in o &L
g8 < c«: & < AR sl q'~
'E
H * * * * . . . . * * * * * *
=
L]
_
uw
R=
f_-} * * * * * * * * * :l:
'D
=
(a
@ Targeted * Significant Change in DAA {) Plots Shown
e TI‘EilII'I!l:I'IpII of Targeted Genes e 1MCL3 0 tC4aH1 . ICAIKISHT
140 ’ o : : :
_ . & ‘_'I.E'I:I ﬂ 120 E 120 E
512':" I 8 Em-l:-- o o o .- 51.@. T < e 51.@. -ﬁ- o @ o &
E1m- = i k=) .ﬁ‘... o k=] g & k=] E."'
Eau ]I-g- B £ wl g o i £ d Sl o
g wl B B o g 60 o H E 80F o . E 60 : o
g E . E . , L : - L
20 = 20 ; 20 20
o o 2 L p——L — L1 — — — o—LL — — — — o—L1 — — — -
WT 3507 35,15 3501 WT 507 iX5.15 i35.01 WT iA5.07 iF5.15 i35.01 WT A5.07 3515 i35.01
Targeted Transcripts, p4CL3 pCAH1 pCAIdSH1
. 200 140 1<l
Experimental Measurements ° . : :
— 120 @ 120
| PtrCAD1 ol 3 e™i 1 " EW-E 3
PtrCAD2 z g 0 > |EFA T .0 FET UM TRT e °
£ o nj o o & £ sof | & A F W £ o0 B 8
100 - R B — o -3 . * * " .
E ol . s * % 80 [ " E 80 E « L
- & L -]
§ sl B - = o ‘% 40 - ﬁm E 3 . @
- H } 20 20 8 8
é
i) L E & 11 | 1 R 11 o 11 B 11 5 158 1) i | L1 N 11 11 13
WT [Ty [ [ 3501 WT asar [ 1] 350 WT (e L% by [l 3 Bsm

Fig7

Exper. Measurements

| | Est. Abundances, New Model

Est. Abundances, Old Model - Scenario 1

Est. Abundances, Old Model -

Scenario 2


https://doi.org/10.1101/677047
http://creativecommons.org/licenses/by/4.0/

Vo &
A %zzvags;{x?:tﬁ%@fﬁgﬁﬁnﬁ%ﬁﬁzsm R C;feygi?ﬁ%g%gsa.%:;;enazz%gﬁggr:zs§)~?~“" & “6 Ko o Ko ‘i& G@’
M W % S N gRe et N \ef-f
q@‘f qi"? &K 3 qm.;g q‘.;j q&' % 1.;50 (C' (0 5’ \:0 \:0 \:0 th th & qﬁ.
* * * * * * * * - * * - * *

Transcri pts
-l-

I I T I I

uw
R=
_?_',,} E * * E * * E * * #* * * * * #* . )
D
=
(a
@ Targeted * Significant Change in DAA {) Plots Shown
e Transcripts of Targeted Genes e ICAldSH2 e ICCoADMT3 . IHCT1
120 2o 120 B 120 E ’
[
Bindl-g E ool g " € ool 4
100 100 - -ﬂ" L] L =l =3 100 - o -t — o - &
w I k= 4 k= - B -s--l o
# a0 g # 80 o ! # a0 o . =
‘%5‘3 - ‘%m s . " ] 51-&'}—% o - gt — o B - - - o - Eﬁﬁ' q
40 40 ]
E E ol 3, . E :
210 ¢ E [+ 20 ] = 20
o & i ° - ol . — =1 0 — . L - oL LIME VME igs B
WT 1602 ins.m 1503 WT i16.02 ins.m i15.03 WT i16.02 il5.m i15.03 WT i15.02 150 i15.03
Targeted Transcripts, i pCAIdSH2 s pCCoAOMT3 - pHCT1
Experimental Measurements o
r— 120 ﬂ [ 120 a &
. Ptr4CL3 H I
= 8 € 150 c
100 - ] l - 100 - =
Ptr4CL5 -] a"‘g = e = ] g -] O g0 @ o o
20 B8 2 |8 2w 8|8
[ e S et 2
E (2] . = % E‘ui T g o o E [21] H @
- o
40 ' . 40
§ 21 ™ . § ™ i M n' - § ] * A ]
0 W " 20
n Ll a1 L1 =2 : ! I:l . | | I L n—l '- I:' — 1 | I | | | g—l .'-.
WT &2 in&.on 11503 WT E0E g 1503 WT 1803 &0 15.03

Fig8

Exper. Measurements

| | Est. Abundances, New Model

Est. Abundances, Old Model -

Est. Abundances, Old Model - Scenario 1

Scenario 2


https://doi.org/10.1101/677047
http://creativecommons.org/licenses/by/4.0/

A

bioRxiv preprint doi: https://doi.org/10. 1101/% 047; this version posted June 19, 2019. The copyright holder for this preprint (which was not

certified by peer rev*iv) is th(%éthor/funde preprint |ra'berpetuﬁy n&fs made aw‘E’IabIe ung)

LaliPs
wﬁqélél

has gganted bioR
-BY 4. Iﬁp

& L

a Ilcense display t

rnatlon@L nse. Q..
5
Ié

& 1@“‘ & &

&*b

A\

\fy \ﬂr %‘6
& &"

S
)

G?. C‘J?. (‘E.“'

l?.

e:,ﬁ@

" o &L
g < c«: Sl q’~ & & q’~ q'~
'E
H * * *
=
L]
_
uw
R=
E E * * E * * * #* * * * #* * :I:
E
(a
@ Trgeted * Significant Change in DAA @ Plots Shown
e Trln!l:rlp'ilﬂﬂiTﬂl‘gltﬂ-dGH‘lﬂ e . 1MCL3 _— tCADT s i IHCT1
1200 1200 g 8 =
- = § o & s
E % Em-l:-- a e - & 51.@. ﬁ B ==l === = =¥ _p 5 - o
= 100 'g"'—u— = 'ﬁ" o = i g L™ - Emc---% B - T - - &
& # 80t g 3 o o # s @ # 4l - [*] W
g 8 3 ol B 8 ool I ! 8 (& I
ﬁ 50 § - E - E 50
E: 5 3 . E: E
20 20 o
(=] & R o
d WT _|21.l'.'lﬂ_l21.l'.'lﬂ_l21.lilﬂ 0= 'i'_n'T _izmz._uzru-a_erna_ 0= \;T _iEGﬂ-_iETI}E_ErDﬂ_ 0 'ET _izrm_izﬁ:ﬁ_m.ua_
Targeted Transcripts, pacL3 pCAD1 pHCT1
. 200 150 140
Experimental Measurements o E g 2
| PtrCCoAOMT3 i ! I .
g'lm = g S L] - §1m_a - : .._ ~
= § 8 i s 00 E £ D 5 = = w.ui 2o .° @
é‘.l?_ ; &j L] -ﬂ* o éi ﬂ'-ﬂ! &l -ﬂ: =] f_ Bl E L &+ &
R e N - 1 8 | ®
P & -] o
'E E o ’ '§ i) " & D:# & % g 3 o i
g0t ol b i 3 : v i
] ﬁ o :. i i 20 o : i
"TUWT Bies 2ios @ios PTUWr s 2ios  gige "TUWr ios 2igs | eioe

Fig9

Exper. Measurements

| | Est. Abundances, New Model

Est. Abundances, Old Model - Scenario 1

Est. Abundances, Old Model -

Scenario 2


https://doi.org/10.1101/677047
http://creativecommons.org/licenses/by/4.0/

