We agree with the vast majority of the reviewer #2 comments. We also addressed the minor points raised by the reviewers #1.

Please see comments below.

Reviewer #1:

Any further comments to the author(s)

The authors have addressed all my concerns. Finally, the quality of the

manuscript was clearly improved.

Minor comments/mistakes/unclear points

There are no accessions of NCBI GEO for microarray raw data. Including all raw

data, R-script for ANOVA, state-space modeling, and primary results with the

manuscript is very useful for readers and reproducibility.

This is now provided in the NCBI GEO accession number: GSE20044.

Reviewer #2:

Reviewer's Report

Title: High-resolution dynamics of transcriptome responses to NO3- in

Arabidopsis roots: Molecular physiology and predictive modeling

Version: 1

Reviewer number: 2

1. Does the work include all necessary controls? Yes

2. Are the conclusions drawn adequately supported by the data shown? No

If no, please explain

Discussion of the role of the N status in the control of miR156, was to my opinion

misleading. Pant et al (48) found no changes in the level of mature miR156, but

only for pri-miR156 and Hsieh et al (47) have indeed shown an increase of miR

156 in N starvation, but this increase was also observed for other nutrient

stresses. Expression changes of miR156 and consequently changes in

expression level of SPL9 might therefore be not specific to N stress. In the

present manuscript the specificity for the role of SPL9 for nitrate induction has

not been shown.

We feel that this critique is valid. It concerns few sentences in the manuscript stating: 

“(…), we (data not shown) and others [47, 48] have demonstrated a role of the nitrogen status of the plant in the control of miR156 transcription levels. This provides additional support to implicate, using additional unrelated studies, the role of the mir156/SPL9 partners in the control of the nitrate response of the plant.” 

This paragraph has now been modified in order to avoid any speculation and to stick with exact data.
We agree that SPL9 is not shown to be specifically involved in NO3- induction. That is not the message of this work. We just show that the machine learning processes is able to point out/learn some interesting features of networks.

3. Are sufficient details provided to allow replication and comparison by

interested readers with related analyses that may have been performed?

Yes

4. Does the manuscript adhere to the field standards for experimentation,

nomenclature and public availability of data (or any other significant

standards)? No

If no, please specify

Only two biological repetitions have been included in the machine learning

approach.

I agree that considering all replicates instead of averages over replicates enables

to integrate uncertainty about the data (here variations in gene expressions

across replicates).Nevertheless this cannot replace biological independent

experiments. 
Many studies published in prestigious peer reviewed journals (such as, Cell, Plos Comp Biol, Plant Physiology,…) use 2 biological replicates, and even 1 biological replicate for Kang et al. 


(Kang et al. 2010, Mol Plant; Scheible et al., 2004 Plant Physiol; Nemhauser et al., 2006, Cell; Krouk et al., 2009, Plos Comp Biol; Pant et al., 2009, Plant Physiol) ADDIN EN.CITE . 

With the biological replicates, we have 26 biologically independent samples. We agree that more replicates would be better in an absolute sense, but our predictive success using our machine learning technique suggests that we have found a signal. This will of course require further testing, but the technique and tentative conclusions can already be useful to the community. When setting up this experiment, we had the choice of a shorter time series with 3 biological replicate or a longer time series with 2 biological replicates. The actual important question is to understand where is the more meaningful variation to answer our question (ie: resolve gene networks)? A] the more meaningful variation can be in the variation within a time point (say the variation between 3 biological replicates at 20min – what the reviewer proposes) or B] between time points (say variation from 15 to 20min). From a pure intellectual point of view we believed that, to learn a network, the option-B were the more meaningful since it characterizes the dynamic of the system (and the noisiness), when the option-A characterizes only (but better) the noisiness of the measure. 
Furthermore, i) we did use 3 replicates for QPCR validations, ii) we used machine learning that has predictive potential on this dataset which demonstrates that the noisiness of the data is not an issue, iii) 2 biological replicate is not a pure gold-standard for such large dataset for the reasons evoked in the former “answer to the reviewer”. For example to determine regulated genes the analysis of variance used (linear modeling) take into account the entire dataset which virtually compare KNO3 (12 samples) vs. KCl samples (12 samples + 2 samples of T0). Moreover, we believe that, in the present work, the fact that the machine learning works on this relatively scarce dataset demonstrates the power of such modeling procedure. This is the whole point of this work.

Three independent biological samples have been used for validating

Affymetrix data by qRT-PCR. I do not completely agree to the statement in the

text, that the validation of expression changes by qRT-PCR was successful for

the vast majority of genes. Out of 15 genes, R2 values >0.8 are obtained only for

3 genes, three genes which belong to the early induced genes. I agree that the

overall behaviour is validated in the most cases.

However, “transitory genes” are

less well validated and these transitory changes in gene expression have a high

importance for the conclusions of this manuscript. 

We modified the critical statement according to the reviewer comments. We removed the priority statements to let the reader make his/her own conclusion. We would like to emphasis that Reviewer #1 and #3 did not criticized this point. Having practiced QPCR validation of Affy data for a while, this validation is one of the larger ever done on such a large dataset (this represents more than 2000 independent QPCR). 
In addition the modelling has

been done with a very limited number of genes, and to my opinion, the validation

results are not satisfying, if we consider that only about 40 (It’s more about 50-55 genes) out of the about70

genes used for the e learning approach are correctly estimated.

We agree that more genes would be better, but the small p-value indicates that the success is unlikely to have arisen by chance and is hence very promising. Indeed current work shows that the approach appears to generalize to clusters generated by biclustering. 

Our point was not to propose an exhaustive learning of the whole transcriptional network as the Bonneau lab proposed in Cell. For many reasons evoked in the manuscript we are far from obtaining such large amounts of data  and it is not the aim of this work. For instance i) our model is built to minimize the number of parameters, it uses ii) 14 data points when Bonneau and coworkers uses hundreds and several layers of information when iii) we use only transpriptome data. We would like to emphasis the fact that Arabisopsis is a multi-cellular organism and this is probably also an important challenge in the building of transcriptional networks.

I am somehow puzzled about the expression levels for several genes when

comparing suppl figure 1 and 2 (eg for At1g13300 6 vs 400, eg At5g15830 1,5 vs

25). If expression levels have been normalized to three reference genes in some

figures and not in others, that should be mentioned. Please add Figure legends

for supplemented figures.

This is due to the fact that pSPL9:rSPL9 data are not normalized by T0. We double-checked the gene behaviors across the both kinetics and no discrepancies were found. Furthermore, this demonstrates that gene expression in response to NO3- for transitory and early responsive genes are reproducible in 6 biological replicates (3 rep. for Fig sup1 and 3 rep for Fig. sup2).

5. Does the work represent a significant advance over previously published

studies? Yes

If yes, please describe briefly which are the main new findings. If no, please

explain why and reference any publications where the findings have been

previously described.

The manuscript of Krouk and co-workers present the original study of

transcriptome responses to nitrate during short term induction kinetics. Up to

know, nitrate regulation of gene expression has been studied extensively in

Arabidopsis, but the shortest time point so far analysed has been 20 minutes of

nitrate induction. The authors have chosen to study plants grown in a hydroponic

system allowing them to analyse specifically the nitrate responses in the root

system.

An machine learning approach allowed to propose the hypothesis that SPL9 is a

major regulator in nitrate induced gene expression

6. If you feel that the paper is of broad interest to others in the field, or of

outstanding interest to a broad audience of biologists, please say so, with

a brief explanation of why. Yes

If yes, please specify

Yes

Any further comments to the author(s)

The argumentation for the choice of SLP9 is not clear: “ SPL9 is the third most

influential TF on sentinel genes” : how was this determined?

We agree that the sentence was rather short.

This has been clarified in the manuscript. SPL9 is the 3rd most influential in its overall (addition of) the effects on sentinel genes.

The analysis of the nitrate response in pSPL9:rSPL9 plants has been extended.

However I was wondering about the expression pattern for SLP9 in this

experiment. The pattern in the wildtype shows no transitory induction (compare

suppl. Fig 1). How do the authors explain the enormous changes of SPL9

expression in the transgenic line?

This is indeed an interesting question. We avoided discussing this result in the previous manuscript since we would have been only able to speculate. However, we now provide some explanations. To our opinion, these results are a display of several layers of interactions on SPL9 mRNA accumulation and can be easily explained in several ways.

First, it is noteworthy that the kinetics (Sup Figure 1 and Fig. 5) are not the same. The first treatment time point in Figure 5 is 10 min. So the very early induction of SPL9 in the pSPL9:rSPL9 is missed. Second, even if the SPL9 mRNA is resistant to miR156 (explaining the over-expression) the transgene is still under the control of its native promoter. This over-expression thus reveals the promoter activity or the effect of other co-suppression events (independent of miR156). Interestingly, this demonstrates that the pSPL9 is also under NO3- control  since rSPL9 is transitorily repressed. This is now reported in the manuscript.
15 more genes have been studied. 3 out of 4 genes displaying an effect at early

nitrate induction, show the opposite effect at longer term. This has not been

discussed.

It is indeed an interesting observation.

It is now discussed in the manuscript. 

I would also like to read comments on what was predicted by the model

(influence of SPL9 on the genes tested) and the real result in the transgenic

plants.

We now provide such comments. The only systematic bias that we found is that genes are induced early in the pSPL9:rSPL9 and are thereafter less induced for later time points (see the former reviewer’s comment) are predicted to be negatively regulated by SPL9. Unfortunately, the opposite is not true, since the genes predicted to be up-regulated by SPL9 also display a “down-regulation” at later time points (by 60min) but no “up-regulation” for early time points (10-20min), in response to rSPL9 over-expression. This relative absence of logic can be very easily explained by the predicted functional redundancy found in the network (discussed in the manuscript). Indeed, because the ML learns on 3min transition steps, it not surprising that the signal propagation in the network is diluted/highly controlled and unpredictable for human being. For instance, say A (B ; B(C and A(C. This kind of feed forward loop is represented many times in the network. Thus it is very difficult to make any assumption about the values of A, B, C across many steps (even if we know the discrete effects of the 3 relationships) since the whole systems will vary and the components influence each other at each step. 

This bias and the logic presented herein has been added to the manuscript in order to open the question of “how to predict over-expression results”. We would like to emphasis that this question is very interesting and will probably be the subject of a new study. Indeed, to address this question it is necessary to have large scale experimental data on pSPL9:rSPL9 to validate models of “in-silico over-expression”. We believe that this is largely out of the scope of the present work.

It is interesting that the authors did not observe any phenotype of pSPL9:rSPL9

transgenic plants in their condition. Wang et al (Cell, 2009) observed a clear

growth phenotype as early as 7 days after germination. Even that the response

to nitrate is changed in short term, the developmental and physiological status of

the plants can influence the response to nitrate.

Indeed, we did not observe any obvious phenotype on plants grown in hydroponics on 0.5 NH4-succinate for 14 days. We can hypothesize that NO3- presence in the soil used in the Wang et al work is the cause of such phenotype. But we believe that this is far beyond the scope of this work concerning Machine learning and transcriptional control. This hypothesis is now provided in the manuscript in order to account of these different results.
Minor point:

- omit "(see discussion)" pX, 5 th line from the bottom,- this text is already in the

result and discussion section.

- Suppl Figure 2, please add x axe descriptions for all three type of graphics.

- Several hypotheses concerning the connection between nitrate and hormone

regulation are presented. However, the recent major advances by Krouk and

coworkers , showing that a nitrate transporter NRT1.1, whose expression is

regulated by nitrate) transports auxin (Developmental Cell 2010) has not been

discuss in this context.

These points have been corrected and a discussion concerning the role of NRT1.1 in the control of root development has been added page x. 

We thank the reviewer for using the word “major”.

Quality of language

Does the manuscript require extensive language editing? No
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