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Dear Dr. Thonicke,

Thank you very much for your comments on our manuscript. All your comments, along with reviewers’
comments were very helpful for us in reshaping and revising this manuscript. We tried our best to revisit
the manuscript. Following are responses to your comments/questions on the manuscript. As you
understand, this is our preliminary work on fire using EDv.2.2 based on shrubs in dryland ecosystem. We
will appreciate your further suggestions/comments on this revision.

Best regards,
Karun Pandit



Regarding your response to reviewer #1, please

1. include your response to the comment on line L156-157 in the manuscript.
We added some texts on L273-277 to clarify this comment.

2. make sure you not only add biomass to your figures, but also add the interpretation of those results
(GPP change vs. biomass change after) in the manuscript text (reviewer comment to "L169-170: why".
You need to thoroughly explain why GPP is reduced over several years after fire and explain it with
the model assumptions and model algorithm/equations. This is unusual outcome compared to
observations that see a quick GPP recovery after fire.

We added sentences about fire model behavior in the EDv2.2 in lines L84 (“Area of burnt ..."”) and L90
(“New burnt patches ..."”). We also added sentences in L291-292 and L301-303 to discuss about the
gradual increase in fire damage, and also provided reference (L 305-309) from similar other works that
suggest gradual decrease in GPP for initial few years before the vegetation recovery.

We also added two figures to address this concern; one showing temporal pattern of AGB (we can see
that AGB is directly related to fire damage in the model) for shrub and C3 PFTs (Fig. A1) in the appendix,
and other showing spatial pattern of each PFTs showing post-fire damage and recovery (Fig. A2). We
observe C3 grass recovery in three years after fire while shrub GPP is still declining.

Response to Reviewer 2

1. Please add sentences on the conclusion and discussion points of this study in the abstract and check
if you have answered (conclusions) and discussed the objectives of your manuscript in the respective
sections.

We added texts at L320-321 to compare our results with the research objective.

2. Make sure that you address all reviewer comments regarding model description, methods and
statistics used in the analysis of model results. The effect of fire on shrub GPP needs to be plausibly
described. If you have benchmarked your model already in a previous publication then please cite the
outcome in the GPP evaluation.

We tried to address most of reviewers comments. We have cited and rephrased texts at L284-286 to
show results from previous study.

3. your response to the comment referring to L153: | think your response misses the point raised by
the reviewer. Your response explain the general fire ecology in the shrub ecosystem under study, but
you need to make sure you explain the curves displaying fire and GPP in your model results. Please
check again this point in your model and model analysis and make sure the simulated pattern are
sufficiently explained in the manscript.

We added some text at L191-194 to state that fire damage is directly related to AGB and is also in some
way aligned with GPP. We added AGB figure (Fig. A1) at the appendix, to show the trend in AGB for each
fire and no fire conditions, and to show corresponding fire damage at the given time.

4. your response to comment regarding L158: when adding this aspect to your manuscript, please
consider the time scales of your simulation study and make sure the stability definition is not flawed
by discussing seasonal pattern.

Thank you for your comment. We removed the term ‘stability’ as it was a little off-track from our results.
We rephrased the sentences at L203-206 to highlight that the difference were more evident for total
AGB than GPP, and the fire return interval was longer for some of the sites.



Response to interactive comment on “Understanding the effect of fire on
vegetation composition and gross primary production in a semi-arid shrubland
ecosystem using the Ecosystem Demography (EDv2.2) model” by Karun Pandit
et al.

Reviewer 1
Overview:

This study uses a dynamic vegetation model to quantify the impact of fire on GPP in a shrub
community. The model is somewhat able to represent observed patterns in vegetation and
GPP dynamics after fire. However, | find the manuscript to be somewhat immature, with
pieces of the methods section in the introduction, unsatisfying basic description of model
parts which are relevant for this study, missing information in figures etc. and especially a
lack of a clear science question or hypotheses to be tested. While | agree that it is worthwhile
to improve shrub representation in DGVMs and how these interact with fire, | don’t have the
feeling the present study takes advantage of the DGVM to ask questions beyond what is
known regarding basic impact of fire on sagebrush communities.

Thank you for the comments. We moved the model description from the introduction to
methods, rephrased our objective, and tried to state our hypothesis with more clarity. We have
also reworked on some of the figures to provide clarity on them

We agree there is more work to be done to understand fire in sagebrush communities with
EDv2.2 and other DGVMs. However, there is a knowledge gap in understanding the
uncertainties of EDv2.2 in assessing the impact of fire on shrub dominated semi-arid
ecosystems like the Great Basin region. The aim of this study is to document the potential
usefulness and errors in modeling fire behavior with EDv2.2 as a first step in further developing
the model for shrublands. Findings from this study has a potential to contribute to substantial
utility beyond academic exercise to track shrubland carbon and productivity dynamics at
broader scales, as sagebrush is found throughout Western United States and Southwest
Canada. Results from our study would also be valuable given this widespread ecosystem is
threatened by fire and invasive grasses. Our study could be a preliminary step in that process,
to make EDv2.2 a model that can address global changes via dynamics in semiarid shrublands.

We have revised our introduction section and added relevant references to emphasize the
importance of this study. In addition, we added texts in the conclusion to re-emphasize these
issues and the potential for EDv2.2 to address them with further PFT parameters and fire
module refinement.

We have rewritten our science question more precisely as given in the final paragraph of
introduction section as given in L65-71.



Comments

Line 51-71: why would you want to describe the model in this detail in the introduction? This
section clearly needs to be moved to the methods. It also needs to be expanded so that one
can get a basic idea what the model does, what the fire model does, what happens with the
vegetation when a fire occurs etc.

Thank you for your comments. We have moved the major portion of model description from
the introduction to the methods and provided additional information on the fire module in a
subsection of the Methods at L74-99. We also provided reference to original EDv2.2 model
papers that discuss in detail about the model.

L72-78: Why are you only interested in the effect of fire on GPP, as this is probably the
variable where you expect least change through time as vegetation generally is replaced or
regrows. In the abstract you mention changes in fire frequency, but you don’t follow up on
this in your objectives and analysis performed. Probably changes in fire frequency might have
an impact, possibly on (soil) carbon, or impact vegetation competition through feedback
through the N-cycle, etc. To be clear, | don’t say you have to do other analysis, but after
reading the manuscript | still wonder why you focused on GPP and no on other aspects of the
system which be as relevant.

We used GPP as it is often a direct output of process-based vegetation models. EDv2.2
calculates GPP based maximum photosynthesis using the Farquhar model (Farquhar et
al.,1980). In addition, GPP estimates correspond well with remote sensing derived products like
NDVI (normalized difference vegetation index), LAl (Leaf area index) and fAPAR (fraction of
photosynthetically active radiation absorbed by the vegetation). While we limited our study to
GPP, future studies could compare EDv2.2 outputs with remote sensing observations such as
net ecosystem production (NEP), leaf area index (LAl), or above ground biomass (AGB). We
compared two different levels of fire severity against control (no-fire) scenario at point levels to
explore the dynamics of vegetation through the patterns in GPP. The EDv2.2 model could be
simulated with alternate N effects including its effect on photosynthesis and decomposition.
However, in this analysis we were not focused in the Nitrogen cycle.

Even though we were not able to redo the analysis with AGB, we tried to add a figure (Fig. Al)
showing trend of AGB for different fire and no-fire scenarios. We included reference to AGB
along with GPP results at the results section (L184-186; L191-194; L197-199; L201-205)

L 83: Can you give the range in mean temperature and precipitation?
We have added texts to provide these information about the study area at L105-106.
L105: indicate which reanalysis data was used for downscaling using WRF.

We used “North American Regional Reanalysis” to downscale WRF data. We have added text
L131 and reference to make this clear.



L121: Does this mean you don’t perform a spinup? How does this work with the N-cycle
(which you seem to model, based on what you say in the introduction).

We used existing vegetation state with both shrub and C3 grass to initialize the point-based
simulations. We ran the simulation for 25 years to get the vegetation and other ecosystem
conditions such as Nitrogen and soil carbon. However, as suggested in this study we were not
focused on assessing N-cycle.

L142: Trends doesn’t seem to be the right term, temporal dynamics in GPP? There should
exist some literature on vegetation dynamics after fire for these vegetation communities so
that you can have an indication whether your simulations capture vegetation dynamics.

We rephrased the term as temporal dynamics in GPP (L139). There are a number of studies
assessing GPP recovery and vegetation dynamics after fire. Such studies suggest change in
ecosystem carbon exchange from source to sink after fire. These studies show considerable
variability in the number of years required to return GPP to pre-fire conditions. Another threat
to these ecosystems is that many do not recover and become dominated by exotic annual grass
communities that are highly fire prone. We have cited studies related to sagebrush-steppe
post-fire recovery, as a comparison to our results (L267; L279-283). We have highlighted the
need for further development of the C3 grass PFTs to better reflect annual grass dynamics in
the conclusion section (L331-333).

L156-157: You don’t explain what the driver in the model for this lower GPP with increasing
shrub cover is.

The main driver behind this dynamic of GPP for two PFTs can be described in terms of
secondary succession and competition. In the initial years after fire, there are favorable growing
conditions for grasses to grow quickly and produce high GPP. As shrubs start to recover,
competition increases, shade is increased and belowground root completion is also higher.
These factors reduce the growth of grass thus causing a net loss in total GPP, even with the
increase in shrub GPP. We have added texts on L273-277 to further clarify this comment.

L163-164: why didn’t you use actual reanalysis forcing so that you can compare interannual
variability. Like that one could also assess model performance in figure 4.

We agree that it would be possible to assess model output by comparing results with EC towers
if we used respective years of forcing data. However, as the primary intent of this study was to
explore the temporal GPP dynamics for two PFTs with fire disturbance as the driving factor, we
used an average annual meteorological forcing data and thus minimized interannual variability
from weather data. In our previous study on model performance (Pandit et al., 2019), we had
applied actual yearly forcing data to perform model validation.

L169-170: why? E.g. a fire will burn a shrub immediately, so why would GPP be lowest a
couple of years after the fire. When reading this, one wants to know why this happens.
Maybe put biomass and GPP for each pft though time in a time series plot or so.



Most vegetation models with fire modules kill plants at different times, which may not
correspond to real circumstances. The grids that are not killed (disturbed) in a given year could
have higher probability of being killed in the later years as the fuel load (AGB) increases. Fire
damage is also affected largely with the lack of soil moisture in later years. In this analysis we
turned on the fire module for post-fire years, which resulted in such a pattern. Our comparative
analysis between fire and no-fire scenario (regional analysis) shows how the disturbance from
fire is in effect until few years after fire.

We added sentences about fire model behavior in the EDv2.2 in lines L84 (“Area of burnt ...”) and L90
(“New burnt patches ..."”). We also added sentences in L291-292 and L301-303 to discuss about the
gradual increase in fire damage, and also provided reference (L 305-309) from similar other works that
suggest gradual decrease in GPP for initial few years before the vegetation recovery.

We also added two figures to address this concern; one showing temporal pattern of AGB (we can see
that AGB is directly related to fire damage in the model) for shrub and C3 PFTs (Fig. A1) in the appendix,
and other showing spatial pattern of each PFTs showing post-fire damage and recovery (Fig. A2). We
observe C3 grass recovery in three years after fire while shrub GPP is still declining.

L179-180: | am sorry, but | barely see any difference in delta NDVI between the burned and
unburned areas. This is not very convincing, and it almost seems as if there is more of signal
from the interannual variability in NDVI due to climate variability then a real fire signal. This
entire analysis is a bit shaky; e.g. why do you take GPP for one single day instead of the mean
of the month, which should be more representative of hence compare better with NDVI? And
possible show the modelled delta GPP between a run with and without fire, instead of
comparing between years, so that you only have the fire signal in your simulation results
(now one cannot know what is the impact of climate and what is the impact of fire). It would
also have taken the mean/median NDVI for multiple images to avoid impact of individual
images (especially now that so much Landsat imagery is available).

We agree that the NDVI maps did not capture equivalent fire damage as suggested by the
model and we have adjusted this sentence accordingly. In addition, in a semi-arid system like
this where moisture limitation is a major driving factor, climate signals could be strong enough
to dilute the effects of fire.

We used MODIS derived GPP instead of Landsat NDVI in the revised analysis. In this analysis,
instead of making comparison for a given date (a single day), we have made comparisons for
July (mean GPP for the month), as described at L173-175.

In addition, we also ran spatial simulation for a control, ie. no fire condition for the current fire
affected area as given in L155-157. This helped us show the model behavior more clearly for
damage and recovery caused by the fire.

L212-214: Would have been nice to see a comparison between the model and vegetation
dynamics though time as given in the literature.



We have tried to address this comparison in the discussion such as in L267; L279-283.
L 235: | don’t understand what you want to say with this sentence.

We apologize for inconvenience. Our intention here was to illustrate results from other studies,
where fire-related damage behaved differently compared to satellite observations. As stated
earlier, damage defined by these models may lag by a few years depending on biomass and soil
moisture conditions.

As stated in previous comment, we have added few sentences as in lines L84, L90, L291-292, L301-303
to discuss about the gradual increase in fire damage in model and provide related reference on similar
results.

L234: what do you mean with “annual variability”? | think the discussion needs some work to
be more focused and understandable.

Thank you for your suggestion. We tried to suggest annual variability between different years of
observed data, so we tried to rephrase it to make it more clear in L284.

Figure 1: include lon-lat and scale to have an idea how big your study area is.

Thank you for your suggestion. We included lat-lon in one of the maps in study area, which
should probably help understand the scope of the study area.

Figure 2: include lon-lat and scale to have an idea how big your study area is. Indicate what
that blob of high NDVI to the northeast is, as it is somewhat distracting.

We did not include Figure 2 in this analysis as we did not use NDVI for comparison.

Figure 3: first sentence of the caption is confusing, shrub, grass and total GPP? Is Grass GPP
put on top of shrub GPP?

Yes, we put grass GPP on top of shrub GPP. Both are stacked and represent a total GPP. We
have tried to make this clear in the figure caption.



Reviewer 2
General Comments:

In this study Pandit et al. aim to understand the effect of fire on vegetation composition and
primary production in sagebrush semi-arid ecosystem using a newly developed shrub
implementation (Pandit et al., 2019) embedded within EDv2.2. | commend the authors for
their addition of a shrub PFT into a DGVM and their work towards better representation of
vegetation dynamics in semi-arid systems. The aims of the study were:

Aim 1: understand the effect of fire on vegetation composition.

Aim 2: understand the effect of fire on primary production.

I have a number of major concerns with respect to this submission. (1) as reviewer 1 pointed
out, simulations run to examine how fire affects modelled GPP and compare this with
satellite derived NDVI lack a “fire-off” control which uses the same initialisation random
seeds, therefore the presented results cannot at this point be attributed to fire effects. These
effects could also be due to climate forcing. This lack of control greatly reduces the ability to
associate modelled changes in GPP with fire and thus many of the stated results. (2) There is
a lack of formal statistical testing on the effect of fire on modelled GPP and fire on NDVI
values resulting in a heavy reliance on apparent visual changes being taken as results. | find it
necessary that the authors carry out proper significance testing, such testing will greatly
improve the manuscript quality.

While the study does attempt to address relevant aims | do not believe they have reached
them. There are no concrete conclusions reached in the abstract or discussion which would
contribute to understanding the effects of fire on vegetation composition or productivity in
semi-arid shrubland systems. Overall this manuscript seems to be more like a model
development study than a biogeosciences study.

Thank you for the comments. As per your suggestion and reviewer 1’s suggestion, we also
performed a control simulation (no fire scenario) as given in L154-158. This led us to do a two-
way comparison; (i) of EDv2.2 predicted GPP between control (no-fire) and fire scenario, and (ii)
between true scenario simulation (including burnt and unburnt areas) from the model and
MODIS derived GPP. We could not perform t-test due to major difference in means between
model predicted GPP and MODIS derived GPP.

We changed our research questions (L65-71) and subsequent sections as suggested by reviewer
#1 for further clarity.



Specific Comments:

The shrub implementation used by Pandit et al. has already been published in geoscientific
model development in 2019, as such | have not gone into detail on the validity of this
implementation. Given that the stated aims of the study are to investigate fire effects | found
that the lack of proper description of fire in the model greatly impeded my ability to assess
the results. Fire apparently affects mortality which is influenced by height (line 69) and on
line 124 the two fire severity parameter values used are presented. | am clueless as to how
this all works, how fire is distributed across patches, how the shrub implementation
influences the probability of mortality, how grasses are treated with respect to fire mortality,
and what is fueling fire. | have no idea what the red line in Fig. 3 (disturbance rate from fire)
is showing me.

As per your comment and reviewer 1’s comment we added texts and a couple of equations
under the methods (L74-99) to elaborate on the model itself and the fire module. We tried to
summarize the fire related damage. We also included a description of the important
parameters that would be influential in causing severe damage and potential recovery for shrub
and grasses. The red line in the Fig 3 represents the amount of damage (proportion of grids
burnt every year) resulting from fire. It is defined by the available fuel and user selected fire
intensity parameter. Available fuel includes all aboveground biomass including grass biomass as
given in Equation 1 in L94.

The bulk of new methods presented appear to have already passed peer review and are
presumably valid. Fig. 1 is almost identical to Fig. 1 in Pandit et al. (2019), Table 2 appears to
be identical, and large sections of text are very similar to the 2019 paper which is fine for a
methods section.

Thank you for your comments. The table has been slightly adjusted. In our previous paper
(Pandit et al., 2019), from the same study area, we used only two EC tower sites to validate our
model. The previous study was more about calibration of model using newly derived PFT
parameters. In this study, we are only focused on exploring the effect of fire on vegetation
dynamics, at extended temporal and spatial scales.

With regard to modelled GPP, GPP appears to be about 50% too low (Fig. 4) apart from at one
site, this large discrepancy makes me question whether the approach used is appropriate to
understand the effect of fire on GPP. Perhaps | have missed it but the authors only appear to
mention this apparent large underestimation on lines 165 and 251 with no further discussion.
Please put numbers to this, e.g. GPP at RMS with low fire severity is 50% lower than the
observed mean for the 2015-2017 time period. Also the authors should explain why they
think the model can appropriately investigate the effect of fire on modelled GPP in spite of
these generally rather large underestimations at the plot level.



We have tried to discuss this issue further in the manuscript in objectives, results and
discussion. We rephrased objective L65-66 to specify that we used parameters from previous
study. At L207-208 we rephrased words on comparing EDv2.2 performance. We also touched
upon this issue in the discussion at L284-289. However, our objective in this study is to
understand the effect of fire on vegetation recovery/composition and on primary production.
We performed our model validation for shrub parameters in our previous study (Pandit et al.,
2019), where we benchmarked our model using two EC tower points (LS and WBS sites), which
are at the lower elevation, with reasonable fidelity. Results from RMS and US which were not
benchmarked are far off from the observation. In our another study which is in review (Dashti
et al, in review), we found elevation to be a major factor behind poor model performance for
the other sites. Our primary focus in this work was towards understanding the effect of fire by
exploring the fire module in the EDv2.2 model by running simulation for different alternate fire
scenarios. Our assumption here was we could infer such comparisons using a fairly adapted
EDv2.2 model for shrubland based on our previous study.

A major concern with regard to the simulations run to produce Fig. 5, as reviewer 1 pointed
out, there is no control simulation run for this area with fire turned off which uses the same
initialisation random seeds, therefore the presented results cannot be attributed to fire
effects. This lack of control precludes associating modelled changes in GPP with fire and thus
many of the stated results, e.g. lines 170-174.

As stated above we performed a fire/no-fire simulation for a portion of study area (Fig. 4 and
Fig. A2) to explore effect of fire against a control (no-fire) simulation (L154-157).

It is puzzling why the authors chose to compare modelled GPP with NDVI. A much better
comparison would have been to compare modelled GPP with satellite derived GPP. Indeed,
some of the r-squared values from the supplement are very low (R"2=0.044944, 2015
unburnt). | am not an expert in satellite derived products but MODIS products appear to be
available at the same resolution as simulation runs for the time period. If these data are
available simulated GPP should be compared to satellite derived GPP and a control “no-fire”
run included.

Thank you for your suggestion. In our revised manuscript, we have compared our model
outputs with MODIS GPP information (L157-158). As suggested by reviewer #1, we used
monthly mean GPP values from July of each year (from 2015 to 2019) EDv2.2 and MODIS for
comparison (L173-175). In addition, we also provided PFT-wise mean change in GPP through
years for fire and no-fire areas. We clearly observed higher GPP growth for C3 grass in third and
fourth years after fire (both in mean values, Figb and spatial maps, Fig A2), while shrub recovery
was not evident yet.

Overall, a great deal of work needs to be done by the authors in order to allow proper
assessment of whether the results are sufficient to support the interpretations. Given the
shown response, or lack thereof, of GPP to fire at the plot level (Fig. 3) and the above



mentioned lack of control | remain to be convinced that the changes in GPP presented in Fig.
5 are the result of fire. The lower panel plots in Fig. 5 do not show any clear difference
between GPP change in fire vs non-fire areas. In general | would suggest the use of statistical
methods to test whether there is a statistically significant difference in GPP between fire and
non-fire sites, this would remove the need for eyeballing the results and the need for words
such as “suggests” (L172), “hint” (L172), “resembled” (L175), “subtle” (L180). Statistical
methods should also be applied to the NDVI changes (NDVI change fire vs no-fire areas) as
well as the comparison of GPP change and NDVI change (%change GPP no fire vs %change
NDIV no fire) (%change GPP fire areas vs %change NDIV fire areas). | see no signal in the NDVI
values which would delineate fire vs no fire areas but proper method can resolve that. Adding
a similar satellite derived GPP comparison to modelled GPP, using appropriate statistical
methods, would greatly help the authors better make their case.

We observed considerable effects of fire at the plot level as seen in Figure 3. As stated above,
we have provided further details on the EDv2.2 fire module. We applied average annual
meteorological data to remove interannual climate variability, which would otherwise be a
major driving factor in GPP simulation. As we kept every other thing constant, and only changed
fire parameters, we state that the results in our point simulation are from the fire.

We used similar parameterization, as with point simulation, to run the spatial simulation (Figure
5). However, we used actual annual meteorological data that allowed us to compare with
respective years of satellite derived data. Instead of NDVI from Landsat in our previous version,
we used GPP from MODIS to make better comparisons. Still there was little, evidence of fire
damage observed in the first year after fire. We have tried to explain this in our discussion
section the possible conditions that may lead to such situation, including rapid recovery of
vegetation (by annual or perennial herbs) as suggested by previous few studies.

As stated above, we also ran a control simulation with no-fire scenario to observe and compare
between fire and no-fire conditions. We used MODIS GPP instead of Landsat NDVI for better
comparisons.

Minor comments:

L13 + L148 — how do you explain shrub dominance and lack of conifer growth in the absence
of fire, shouldn’t there be conifer growth in the area which would potentially replace shrubs?

We did not include conifer growth in this study since many of these locations do not have
conifers. Moreover, future studies could improve conifer PFTs for local conditions to include in
the simulations. We will expand on this in the discussion section.

L15 GPP already written out on L10

Thank you. We corrected it.



L21: how are you investigating spatial dynamics? Can fire spread between grid-cells? Perhaps
make it more clear what you mean by “spatial behaviour of post-fire ecosystem restoration”.

We rephrased the sentence. In this model, although the fire ignition is local it can spread into
adjacent patches given favorable conditions such as fuel availability and moisture content. This
behavior in interaction with other factors like climate and topography would influence post-fire
ecosystem restoration.

L34: citep(Bradley 2018)

We corrected it.

L69: a much better description of fire is needed as commented above.

As stated above, we have tried to elaborate further on fire module in the EDv2.2 model.
L99: backslash — (/textitPoa secunda).

Thank you. We will correct it.

L112: table 2. It looks identical to Pandit et al., (2019), not adapted. Perhaps I’m mistaken.
We have made minor changes in this table from the original one.

L147: Off by a decimal place? — 5.0-5.5 kgCm-2yr-1

Thank you for the comment. We changed it to 0.55 kgCm-2yr-1.

L153: it’s not clear to me how this fire disturbance works or what the red line is showing. |
dont see disturbance following GPP that closely. Why is disturbance highest when shrub GPP
is highest rather than when grass GPP is highest? What is fueling the fire? Grass should add a
great deal of fuel to the fire yet disturbance is highest when shrub GPP is highest. How often
are fires happening?

We agree that grass may lead to more fuel continuity and hence more frequent and larger fires.
However, the fire return intervals may not perfectly align with the most fire-prone fuel
conditions. In our model simulations, the disturbance is mainly related to aboveground
biomass, so it tends to follow GPP (and more so with AGB). We updated some texts to state
what red line is showing and how it is related to biomass. It appears that under the current
model parameterization and structural composition, the shrub GPP has more impact on fuel
availability compared to grass, because of the woody nature of the PFT compared to grass and
higher biomass storage rates. It looks like the mean fire return interval is somewhat close in
length and aligns with peak biomass. Future work on PFT parameterization and fire module
would improve the results.

Fire here is an ongoing process after the 25% year. So, the fire related damage will increase
when there is available fuel and it will reduce when there is no fuel (aboveground biomass). If



we compare this trend as a fire return interval, we can compare this with studies showing fire
return periods ranging from 35 years to 435 years for different type of sagebrush ecosystems.

L158: At LS, why does high fire severity lead to a more stable shrub proportion of GPP? L162:
How do you define stability?

We removed the term ‘stability’ and showed how high fire severity could actually keep AGB at
lower level and for some sites increase fire return interval (as described above).

L170: the GPP change 1 year after fire looks to be about the same for the entire study area.
why would the biggest change in GPP come two to three years after fire? It’s hard to tell
whether the changes in GPP are the result of fire or climate.

As described above, disturbance due to fire in the model behaves as a continued process
instead of one-time effect. So, there could be spatial growth in fire from one grid to another
depending upon fuel and moisture condition. A grid cell not meeting a threshold to get burnt
could be burnt next year with slight increase in biomass. In addition, we should definitely take
into consideration the effect of climate into these damages. Our updated analysis comparing
GPP between fire and no fire scenario, supports the idea that the result should be mostly the
result of fire.

Table 3: what are the * behind every Pearson number supposed to indicate?
They mean significant.

L205: Cite the literature you are referring to.

Thank you.

L212: Cite the literature you are referring to.

Thank you.

L246: “larger contributor to GPP in this ecosystem” citation needed.

Thank you.
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Abstract. Wildfire-ineidents-Wildfires in sagebrush (Artemisia spp.) dominated semi-arid ecosystems in the western United
States have risen-dramatically-in-increased dramatically in frequency and severity in the last few decades. Severe wildfires
often lead to the loss of native sagebrush communities and change the biogeochemical conditions which make it difficult for
sagebrush to regenerate. Invasion of cheatgrass (Bromus tectorum) accentuates the problem by making the ecosystem more
susceptible to frequent burns. Managers have implemented several techniques to cope with the cheatgrass-fire cycle, ranging
from controlling undesirable fire effects by removing fuel loads either mechanically or via prescribed burns, to seeding the
fire-affected areas with shrubs and native perennial forbs. There have been a number of studies at local scales to understand
the direct impacts of wildfire on vegetation, however there is a larger gap in understanding these impacts at broad spatial and
temporal scales. This need highlights the importance of global dynamic vegetation models (DGVMs) and remote sensing. In
this study, we explored the influence of fire on vegetation composition and gross primary production (GPP) in the sagebrush
ecosystem using the Ecosystem Demography (EDv2.2) model, a dynamic vegetation model. We selected Reynold Creek Ex-
perimental Watershed (RCEW) to run our simulation study, which-represents-sagebrush-dominated-ecosystems-an intensively
monitored sagebrush-dominated ecosystem in the northern Great Basin. We ran point-based simulations at four existing flux-
tower sites in the study area for a total 150 years after turning on the fire module in the 25" year. Results suggest dominance
of shrub-shrubs in a non-fire scenario, however under the fire scenario we observed contrasting phases of high and low shrub
density and C3 grass growth. Regional model simulations showed a gradual decline in gress-primary-production (GPP-GPP
for fire-introduced areas through the initial couple of years instead of killing all the vegetation in the affected area in the first
year itself. We also compared the results from EDv2.2 with sateHite-data-satellite-derived GPP estimates for the areas in RCEW
affeeted-by-the-burned by a wildfire in 2015 Seda-Fire(Soda Fire). We observed a-good-spatial-agreement-between-modeled

moderate pixel-level correlations between maps of post-fire recovery GPP-and-the-vegetationresponse-observed-in-apost-fire
LandsatimageEDv2.2 GPP and MODIS derived GPP. This study contributes in-to understanding the application of ecosys-
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tem models to investigate temporal dynamics of vegetation under alternative fire regimes and the-spatial-behavier-ef-post-fire

ecosystem restoration.

1 Introduction

The number and intensity of wildfires in the sagebrush-steppe of the semi-arid Great Basin, western US have increased dra-
matically (Keane et al., 2008). Studies have shown that sagebrush (Artemisia spp.) has declined significantly across the Great
Basin due to fire and other disturbances (Knick et al., 2003; Pilliod et al., 2017; Rigge et al., 2019; Schroeder et al., 2004).
Low stature makes sagebrush less adapted in morphological terms to survive fires as most of the flammable fuels are close to
the ground (Hood and Miller, 2007; McArthur and Stevens, 2004; Welch and Criddle, 2003). In addition, ongoing research
indicates that sagebrush regeneration is complicated by changes in climate, long germination and growth times, and seed dis-
persal (Chambers, 2000; Shriver et al., 2018; Walton et al., 1986). Even though fire is often recognized as a natural ecosystem
process, it reduces woody shrub biomass while increasing herbaceous biomass (Ellsworth et al., 2016). Invasion of non-native
cheatgrass (Bromus tectorum) alters the competitive balance between woody and herbaceous plants, and also makes the ecosys-
tem more susceptible to frequent and larger fires (Baker, 2006; Building et al., 2013; Whisenant, 1990). A recent study has
shown that this cheatgrass-fire cycle has resulted in more than one-third of the Great Basin having been invaded by cheatgrass
Bradley-et-al+(2018)(Bradley et al., 2018), which represents an enormous community shift with potentially large yet unknown
effects on ecosystem function at a regional scale (Bradley et al., 2006; Bradley, 2010; Fusco et al., 2019).

Land managers and scientists have identified potential techniques to cope with the problems related to the altered fire regime
in the Great Basin, ranging from controlling fire incidents with removing fuel loads either mechanically or using prescribed
burns, to seeding the burned areas with shrubs and native perennial forbs. There have been a number of studies (e.g., Diamond
et al., 2012; Ellsworth et al., 2016; Miller et al., 2013; Murphy et al., 2013) at the local scale to understand fire impacts,
with many studies suggesting fire suppression as a technique to preserve the sagebrush ecosystem. However, there is a gap
in understanding the influence at broader spatial scales. Remote sensing studies provide contemporary insights of ecosystem
changes at broad spatial scales (e.g., Bradley et al., 2018). However, longer temporal-scale studies in the context of future
climate scenarios are needed to better understand fire effects on shrub dominated ecosystems like sagebrush-steppe (Knutson
et al., 2014; Nelson et al., 2014).

One method to consider long time scales in the effects of fire on sagebrush ecosystems is to utilize dynamic global vegetation
models (DGVMs) (Lenihan et al., 2007; Li et al., 2012). A DGVM can be placed anywhere along the continuum of individual-
based to area-based models (Fisher et al., 2010; Smith et al., 2001). Individual-based models (IBMs) represent vegetation at
the individual plant level incorporating complex community processes like growth, mortality, recruitment, and disturbances.
Area-based models, on the other hand, represent plant communities with area-averaged representation making them more

efficient for broad scale applications (Bond-Lamberty et al., 2015; Fisher et al., 2010; Smith et al., 2001). DGVMs are now

increasingly intertwined with land surface models in ways that facilitate the integrated simulation of changes in vegetation
community composition and surface water, energy, and biogeochemical cycles in response to changes in climate, land use, and
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fire regimes. Fisher and Koven (2020) provide a review of the increasingly sophisticated treatment of land surface processes in
global land models, highlighting in particular the complex ways that vegetation influences fluxes and stores of water, energy,
and carbon within these models. In the last two decades, fire sub-models in various DGVMs have evolved through time
from simple statistical methods to more complicated approaches with induced ignition and process-based spread and intensity.

Thonicke et al., 2001, 2010; Knorr et al., 2016).
Ecosystem Demography (EDv2.2) is a DGVM originally developed in 2001 (Moorcroft et al., 2001). EDv2.2 is a cohort-

based model that lies—in—between—these—two—extremes;—where—seeks to balance the fidelity of process representation in
individual-based models with the computational efficiency of area-based models, wherein individual plants with similar prop-

erties, in terms of size, age, and function, are grouped together to reduce the computational cost while retaining most of

the dynamics of IBMs (Fisher et al., 2010). Because of this balance between process fidelity and computational burden,
demography-based models are becoming increasingly popular versions of DGVMs within global land models (Fisher et al.
2017). While EDv2.2 is-was originally developed for a tropical forest ecosystem, it has since been updated for broader use
In this study, we used Ecosystem Demography model (EDv2.2) with a recently developed plant functional type (PFT
parameterization of shrubs (Pandit et al., 2019) with the objective to examine model-derived effects of fire on a shrubland
ecosystem in the Reynolds Creek Experimental Watershed (RCEW). We developed and ran a two-step numerical experiment

to accomplish this. First, we explored the projected gross primary production (GPP) of a sagebrush-steppe ecosystem (in terms

of shrub and C3 grass PFTs) in EDv2.2 for two different fire disturbance scenarios and a no-fire or control scenario (performed

at point-level). Second, we compared the model-simulated spatiotemporal variability of GPP to a remotely sensed estimate of
GPP (Wylie et al., 2003; Running et al., 2004) prior to and after a 2015 fire that burned a portion of the RCEW study area.

2 Methods

2.1 Ecosystem Demography (EDv2.2) model

EDv2.2 is a process-based dynamic vegetation model which takes cohorts (a group of individuals with similar properties) as

the smallest units of simulation. It is composed of a series of gridded cells, which experience meteorological forcing from
corresponding gridded data or from a coupled atmospheric model (Medvigy, 2006). It captures both vertical and horizontal
distributions of vegetation structure and compositional heterogeneity compared-to-better than most of the area-based models
(Kim et al., 2012; Moorcroft et al., 2001; Moorcroft, 2003; Sellers et al., 1992).

While-EDv2.2 was—origi 2 i i

{Trugman-etal;2016;Zhangetal;2015)—EDBv2:2-has a fire subroutine which evaluates conditions leading to potential fire

ignition and quantifies fire disturbance effects on vegetation. A detailed description of the EDv2.2 model structure includ-

ing its fire subroutine is available in earlier publications about the model ?Meoereroftetal;2001;-Medvigy-et-al52009)-
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Longo et al., 2019b; Moorcroft et al., 2001; Medvigy et al., 2009). Here we present a brief summary of the fire subroutine.

In this model, fire ignition probability is teeal-based on soil dryness which is local (within-gap) in origin but can spread into

adjacent areas given favorable conditions for fire. All plants in a burnt patch are killed while part of carbon and nitrogen are
transferred into the below-ground module (Moorcroft et al., 2001). Area of burnt patches within grids can increase linearl

through years as a function of aboveground biomass (AGB). Users can choose from—two—separate—stochastic-mechanisms

definingfire-tgnitionconditions-one of the two stochastic methods that define fire ignition in the model. Availability of enough
fuel (aboveground-biomassAGB) is the first necessary condition common to both mechanismsof these methods. The second

necessary condition could be set up to be either the total soil water content within a designated depth or the accumulated
precipitation for the last 12 months. The fire severity parameter (defined between O to 1) in the subroutine determines the
level of fire-related disturbance depending upon available fuel. Fire in EDv2.2 affects the vegetation mortality rate, which is a
function of cohort height for a given plant function type (PFT). New burnt patches are created every year when the minimum
area necessary to generate a new patch is available through the loss of affected cohorts. IMMWAMW,M

a patch u (given by supscript u) is given by the following equation (Eq. 1) as originally defined by Moorcroft et al. (2001) and

later revisited by Longo et al. (2019b).

ASI;LO = IZ Z { uly + FAGU;, (Cuak + Cuh;, }'Yuau} (l)

u=1k=1

where IV,, is number of patch, N7 is number of cohort in patch u is binary ignition function which is defined as given in
equation 2 below, o, is relative ara of patch, I is fire intensity, /' is fraction of tissue aboveground, C,;, is leaf biomass
Cue.. 1s sapwood biomass and C,,j,, is structural biomass.

3 Methods

L, if (e [y vgdz) <vp,
= (|ZF,,,|prT 92) @)

0, otherwise

where, Z .. 1s the maximum soil depth considered and vg,. is an average soil moisture below ignition Z is the depth.
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2.1 Study area

We ran the EDv2.2 model at the Reynold Creek Experimental Watershed (RCEW), located in the Northern Great Basin region
of the western United States (Fig. 1)The-. RCEW is operated by the USDA Agricultural Research Service and is also a Critical
Zone Observatory (CZO)whieh-. The watershed is approximately 240 km? in area with elevation ranging from about 900 to
2200 m. With an increase in elevation, there is an increase in mean annual precipitation and a decrease in mean annual tem-

perature (Flerchinger et al., 2019; Renwick et al., 2019). Mean annual temperature ranges from 5 to 10 °C and mean annual

recipitation range from 250 to 1100 mm in the watershed. Because of the strong orographic gradient in temperature in the
watershed, most precipitation at lower elevations falls as rain, whereas precipitation at higher elevations is dominated by snow.

Higher elevations in southern areas of the watershed are dominated by quaking aspen (Populus termuloides), Douglas fir (Psue-
dotsuga menziesii), and western juniper (Juniperus occidentalis) (Seyfried et al., 2000). Lower elevations are primarily covered
with Wyoming big sagebrush (Artemisia tridentate ssp. wyomingensis), low sagebrush (Artemisia arbuscula), rabbitbrush (Eri-
cameria nauseosa) and bitterbrush (Pushia tridentate). Perennial herbs like bluebunch wheatgrass (Pseudoroegneria spicata),
needle and thread (Hesperostipa comata), western wheatgrass (Pascopyrum smithii), tapertip hawksbeard (Crepis acuminata),
and yarrow (Achillea millefolium) are also present (Pyke et al., 2015). The 2015 Soda Fire burned over 1,000 km? in southeast
Oregon and southwest Idaho, including approximately 32% of RCEW in its northern parts-region (Fig. 2). Collaborative ef-
forts between federal, state and private agencies have been applied to assess risk and devise a plan to implement treatments to
stabilize burned areas, promote recovery of native plant communities, increase perennial grasses, and reduce invasive annual
species (BLM, 2016).

We used EDv2.2 to run both point-based and regional (all of RCEW) analyses. For the point-based runs, we used four
200 m x 200 m polygons centered at four eddy covariance (EC) tower sites in RCEW to represent the tower footprints.
The four sites include: Wyoming Big Sagebrush (WBS), Lower sheep (LS), Upper Sheep (US), and Reynolds Mountain
Sagebrush (RMS) (Table 1). Wyoming big sagebrush (Artemisia tridentata ssp. Wyomingensis) is the dominant shrub at the
WBS site with perennial grasses like bluebunch wheatgrass (Pseudoroegneria spicata), squirreltail (Elymus elymoides), and
Sandberg bluegrass (#textitPoasecundaPoa secunda). The dominant shrub at the LS site is low sagebrush (Artemisia arbuscula)
along with Sandberg bluegrass, squirreltail (Elymus elymoides), and Idaho fescue (Fescue idahoensis). Mountain big sagebrush
(Artemisia tridentata ssp. Vaseyana) is the common shrub cover at the US and RMS sites, where there is also a strong presence
of forbs including longleaf phlox (Phlox longifolia), pale agoseris (Agoseris glauca), and silvery lupine (Lupinus argentius)
(Flerchinger et al., 2019). For theregional runs, we tsed-grids-of-discretized the watershed into a 1 km resetutioncovering-the

entire REEW-arearectangular grid covering the entirety of the watershed, consistent with the resolution of the meteorological
forcings input to the model described below.

2.2 Meteorological forcing data

Meteorological forcing data input
to the EDv2.2 model consisted of output from a long-term run of the Weather Research and Forecast
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Figure 1. (a) Location of the four EC flux tower sites within the Reynolds Creek Experimental Watershed (RCEW) study area. The inset map
shows the location of RCEW within the Northern Great Basin (LCC, 2019). (b) Map showing area affected by Soda Fire, 2015 (red polygon)

boundary of RCEW (blue boundary), and rectangle covering RCEW (black polygon) used to run regional EDv2.2 simulation. Normalized

Difference Vegetation Index, NDVI (Landsat image, August, 2015) map in the background shows the disturbance from fire in the Soda Fire

area.

Table 1. Description of EC sites used in the point-based analysis.

Site Ameriflux ID Location Elevation Mean annual Mean annual
[m] precipitation temperature
[mm] [°C]
WBS US-Rws 43.1675, -116.7132 1425 290 8.9
LS US-RIs 43.1439, -116.7356 1608 333 8.4
UsS US-Rwf 43.1207, -116.7231 1878 505 6.5
RMS US-Rms 43.0645, -116.7486 2111 800 5.4

(WRF) model (Skamarock et al., 2008

€2049)—,__which was used to_dynamically downscale data_from the North American Regional Reanalysis
Q%WMMT%E 2). Fhese-WRF outputs correspond to data-from-differentheights-above
asmosphsic ouputs 2t 3 standard height of 2 fog emperature and

ations, 10 m for wind speed and direction, and the ground
WW long wave radiation, surface pressureand-acetumutated-precipitationrefer-to-the-ground
».and precipitation (Flores et al., 2016). The temporal
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resolution of the WRF data is 1 and-hr and it is available for the period from October 1;-respeetively—, 1986 to September
30, 2018. We partitioned shortwave radiation into direct and diffuse, visible and near-infrared components as summarized by

Weiss and Norman (1985).

Table 2. Meteorological data from the WRF model used for simulation. Adapted from Pandit et al., (2019)

Variable description Name Unit
2-m temperature T2 K
Surface pressure PSFC Pa
Accumulated precipitation RAINNC mm
Terrain height HGT m
10-m u wind (zonal) component Ul10 ms™?
10-m v wind (meridional) component V10 ms !
2-m specific humidity Q2 kgkg™*
Downward longwave flux at ground surface GLW Wm ™2
Downward shortwave flux at ground surface SWDOWN Wm ™2

2.3 Peint-based-Long-term simulation at point scale

We ran point-based simulations at four EC tower sites in RCEW to understand the long-term temporal dynamics of PFTs for
alternative fire conditions. We initialized ecosystem conditions using representative existing vegetation conditions with equal
densities (0.25 plants m~2) of shrubs and grasses as PFTs. The shrub density was based on field studies in the area (Glenn
et al., 2017). For the shrubs, we used a PFT especially developed for sagebrush in the study area based on our previous work
(Pandit et al., 2019) whereas for the grasses, we used the temperate C3 grass PFT which is the closest match from among
available PFTs in EDv2.2. We assumed that this existing temperate grass PFT in the model would represent common perennial
grass species in the study area. We tried to minimize interannual climate variability by calculating mean monthly precipitation
from thirty years of WRF data (1988-2017), then selecting the year 2012 as the year that most closely matched the 30-year
mean precipitation record. All four sites were run for an initial 25 years, after which each site was run with three different
scenarios: (i) no fire, (i) low fire severity, and (iii) high fire severity, for the next 125 years. In the fire scenario simulations,
we ran the model with active fire for these later 125 years. Fire severity parameter in the model which specifies intensity of

disturbance from fire can range from O to 1, where we applied 0.5 and 0.9 values for low and high severity fires, respectively.

We observed GPP trends of shrub and grass PFTs for these three scenarios at all four EC sites, and compared results with GPP

data from the sites (Fellows et al., 2017).
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2.4 Region-based Short-term simulation at regional scale

We performed regi

(watershed) scale simulations to perform comparisons between across simulations for fire/no-fire conditions, between model
simulations and satellite-derived estimates of ecosystem productivity. First, we compared the fire caused vegetation disturbance
and recovery at the regional scale by allowing EDv2.2 to run with both fire and no-fire (control) conditions. Second, we
compared the model predicted GPP _(for both burnt and unburnt areas in the region) with the MODIS derived GPP from

the study area. To perform these simulations, we initialized EDv2.2 with a bare-earth scenario from 1990 and ran it for the

following 25 years, similar to the point analysis. For this-analysisthese model runs, we used meteorological data from the years
corresponding with the simulation years, except for 2018 and 2019 when WRF data were not available. For these two years,
we imputed WRF data from other years which closely resembled monthly total precipitation with the observations (NOAA,
2019). i

We ran fire and no-fire model simulations for a region inside RCEW which was actually affected by the Soda Fire in 2015,
For fire scenario, we activated fire subroutine in the model from 2015 and ran it until 2019. In this run, we adopted a high fire
severity (0.9) to relate closely with the severity observed in the Soda Fire. For the no-fire (control) scenario, we allowed the
model to continue without fire until 2019. We compared difference between fire and no-fire simulations for each year.

For the next experiment, we tried to run the EDv2.2 in the way that would represent the true circumstances for the entire
study area. To perform this, we introduced fire (with same parameter as above) only into that portion of RCEW which actually
burned in 2015 as-partof-the-SodaFtire;-and-and simulated the remaining portion of the watershed without fire. The fire-severity

Pt e el e high-Jevel(0-9)-to-relate-with-theseverity-observed-in-the-SedaFire—We-purpose of this
experiment was to compare the predictions from EDv2.2 (for burnt and unburnt areas) with that derived from MODIS images.
The unburnt area in this simulation would work as a benchmark for comparisons and to offset for annual variations. Like

before, we ran the model with these conditions for the next 4-5 years (2015 to 2019). Fhis

‘We produced GPP from
MODIS Gross Primary Production CONUS datasets (Robinson et al., 2018), using Google Earth Engine. Mean of all available

MODIS images for the month of July of each year was calculated, clipped and resampled to match the spatial coverage and
grid resolution (1 km) of the EDv2.2 simulation, before making comparisons with mean monthly GPP of July from the model.

3 Results
3.1 Long-term GPP for-alternate fire-eonditionsprediction at point scale

GPP-trendsfor-the-Temporal dynamics of the GPPs for shrub and C3 grass PFTs were about similar for the LS, WBS and US
sites and-while slightly different for the RMS site toeated-at-the-highest(Fig. 2), which is located at higher elevation (Fig. 31).
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Without fire, shrubs eventually dominated to comprise the entirety of GPP persisting through the end of the simulation period.
GPP for C3 grass was high during the initial years, but decreased rapidly after about 2-3 years of simulation, while shrub GPP
increased gradually and became more dominant than grass after 10-15 years. Between 30 and 40 years, shrub GPP peaked,
C3 grass GPP completely disappeared, and GPP reached an approximate equilibrium at or slightly above 0.3 kgCm~2yr~" for
the three lower elevation sites (LS, US, WBS) and -5-0-5-5-at about 0.55 kgCm~2yr~" for the highest elevation site (RMS).
We observe that during its initial rapid growth phase (Fig. 2), some portion of the total above ground biomass (AGB) is also
covered by C3 grass (Fig. Al). which in the later years got completely wiped out by shrub AGB. We did not observe any
growth of conifer PFTs throughout the simulation period, even for the no fire scenario.

Upon introduetion-of-simulated-fire—in-the-model-activation of fire module after 25 years of simulation, shrub GPP de-
clined abruptly and C3 grass GPP increased dramatically in all four study sites. However, around 25 years after fire is

introdueedactivation, shrubs initiate a recovery and maintain a gradual increase until reaching a peak in 50-75 years; at

the same time €3-C3 grass GPP gradually decreased to a minimal level. Amengfour-sites;1-S-site-showed-the-longest-time
for-shrub-recovery-while-the RMS—site-recovered-the-quickestWe observed lower overall GPP during the years when shrub

GPP was at the peak, since at this time C3 grass productivity was at the minimum. Disturbance rates from fire spiked in the
first couple of years when fire was first introduced and later stabilized to closely follow the trend of shrub GPPAGB (Fig.

Al), suggesting the highest disturbance rate at the peak of shrub GPP-AGB leading to decline of shrub GPP (and shrub AGB
afterwards. A similar cycle was observed for the remainder of the simulation years. In most of the cases, we observed the peaks

of total GPP catching up well with total GPP from the no fire scenario (at a cycle of about 60-75 years);-and-€3-. For most

of the sites, while shrub GPP remains lower compared to no fire scenario C; in the post-fire years, grass GPP dominates the
overall shape of total GPPin-the-pest-fire-years. However, if we look into the cycles of total AGB after fire, they match well
with the trend of shrub AGB which in turn influence the approximate fire return interval (with maximum fire disturbance rate

in about 50-75 years) in the ecosystem.
We identified some differences between low and high fire severity conditions, even though the general trend-temporal pattern

of GPP dynamics was similar for both. Compared to the low fire severity scenario, high fire severity simulations suggested

lower peaks of shrub GPP, despite having approximately equal (or even higher for some) levels of total GPP due to higher

levels of grass GPP. The-We can see clear difference in total AGB (Fig. A1) with lower peaks for high fire severity conditions

for all four sites. With high fire severity, we observe longer fire return intervals for LS and RMS sites shewee}fﬂafeadeff&ﬂge

ears for both LS and RMS) compared to the lower fire severity condition (>100 years for LS and >75 years for RMS). We

compared average annual GPP from EDv2.2 for different scenarios (at an equilibrium state for no fire condition and at the peak

level for fire conditions) with the observed GPP from EC flux tower sites from 2015, 2016, and 2017 for all four sites (Fig.
43). EDv2.2 underpredicted GPP for all sites, except-for-the-WBS-site-which-was-elose-to-observationwith the lowest error for
WABS site (=~12%) and the highest error for US site (= 100%) for no fire scenario.



No fire Low intensity fire High intensity fire

06- 06- -06 06-
05- 05- 05-
e L
& =
5 04- S o4- 04 § -04 §
o & E &
£ £ 2 2
< < <3 8
c e
< & ] £
G 02- G 02- -02 € -02§
2 2
° °
01 01
0- 0- -00 -00
0 25 50 75 100 125 150 0 25 50 75 100 125 150 0 25 50 75 100 125 150
Year Year Year
06- 06- -06 06- -06
05 05- 05

0.1-

WBS
GPP (KgC/m?/yr)
° °
° S °
GPP (KgC/m?/yr)
° ° °
< n by <
S I
S o
disturbance rate from fire
GPP (KgC/m?/yr)
° ° °
° 2 S by
S I
S S
disturbance rate from fire

50 75 100 125 150 0 25 50 75 100 125 150

o 25 50 75 100 125 150 o 25
Year Year Year
06- 06- -06 06- -06
05 05- 05
2 2
& &
S o0a- Soa 045 Soa 045
£ £ 2 E E
B os o3 e Sos e
< 4 g < 3
v ; e o e
T 5
) o o 8 a 8
® 02- ® 02- -02 5 ® 02- -025
2 2
S S
01- 01 01
o- 0- 00 0 -00
0 25 50 75 100 125 150 0 25 50 75 100 125 150 0 25 50 75 100 125 150
Year Year Year
06- 06- -06 06- -06
05 05-
o L
& &
T 04- -04 § o4 04 §
o = o~ =
£ K] £ 2
0w o e S o03- g
S = 8 < 8
a s a 5
x g H o ]
o 02- -02 5 ® 02- -2 5
2 2
S S
01- 04
0- 00 0 -00
o 25 50 75 WéD 125 150 o 25 f;U 7‘5 ﬂlJO 155 150 l‘? 2‘5 50 7‘5 160 155 150
Year Year Year
B shrub O Csgrass disturbance rate from fire

Figure 2. Mean annual trends in shrub, C; grass (temperate €3-C; grass) and total GPP (kgCm~2yr=h) (shrub and C; grass GPP showed
in_stack) simulated at four EC flux tower sites (LS, WBS, US, and RMS). Figures in the left column represents the trend in the no fire
condition, the middle column the low fire severity condition, and the right column the high fire severity condition. For the model runs with
fire conditions, fire was introduced in the 25" year of simulation. The red dashed line is scaled by the secondary y-axis (right), which shows

mean fire disturbance rate for the simulation years.
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Figure 3. Comparison of simulated average annual GPP from EDv2.2 for alternate fire scenarios (no fire, low fire severity, and high fire

severity) with observations (from 2015, 2016, 2017) from all four EC tower sites.

3.2 Comparison-of modeled-post-fire GPP-with- NDVIShort-term GPP prediction at regional scale
3.2.1 EDv2.2 GPP for fire and no-fire scenarios

. 4). Annual variation of GPP in

We observed annual variation in GPP predictions for both fire and no-fire scenarios (Fi

no-fire model simulation could be mostly attributed to annual climatic variations. Despite the climatic influence, we can clearly.
observe the difference between fire and no-fire GPP outputs, especially from 2017 to 2019. High GPP areas at the southwestern
regions in no-fire simulations are almost missing from the fire simulations. The difference maps in the bottom row of Figure 4
clearly show the differences among two scenarios. For the first year after fire, there is very low loss in GPP and doesn’t show.
clear spatial pattern. In the second year, loss of GPP from fire is clearly increased, at least in some parts (western region),
and shows a clear spatial pattern. From the third year, loss of GPP intensifies in certain locations while most of other areas
remain similar. In the fourth year, the intensity of loss even gets worse in certain areas, and we can also see certain pockets
with positive GPPs, meaning some recovery for limited areas.

We observed obvious difference in EDv2.2 prediction of GPP for shrub PET and C3 grass PET for post-fire years (Fig. Al).
Since shrub PET covers major portion of the overall GPP, the later is highly influenced by the pattern of shrub PET. While

11



260

265

270

Table 3. Pearson’s correlation coefficient calculated between modeled GPP and NBYE-MODIS GPP for burnt, unburnt, and whole area.

Burnt area Unburnt area Whole area
Year
Number Pearson’s correlation Number Pearson’s correlation Number Pearson’s correlation
of grids  coefficient (r) of grids  coefficient (r) of grids  coefficient (r)
(n) (n) (n)
2015 336 464 800
2016 336 464 800
2017 336 464 800
2018 336 464 800
2019 336 464 800

shrub GPP is gradually decreasing in through these years after fire, in contrast, Cs grass starts to recover by third year after
. Al). The pockets of slight increase in GPP seen in overall GPP (Fi

be the effect of this C3 grass recovery. These results are in agreement with our results from point-scale fire simulations.

initial loss in the first and second year (Fi . 4) appears to

322 EDy22 GPP and MODIS GPP

Introduction of fire in the northern portion of the study area to the EDv2.2 simulation resulted in observable loss and recovery
of GPP in the burned area —(Fig. 5). Modeled loss of GPP in the fire-affected area is a gradual process spanning several years
following fire(Fig-5)—. The first year after the fire showed evidence of some disturbance, however the impact was most evident
only during the second (2017) and third years (2018) after fire, based on changes between pre- and post-fire GPP output
(Fig. 5). The spatial variation in fire-induced disturbance suggests-has close association with elevation (Fig. 1), which largely
influences the precipitation pattern in the study area. A-hint-efrecoveryRecovery in GPP for the fire-affected area is seen only
after the fourth year (2019), even though GPP in the burnt area still lags behind the unburnt areas.

Meodeled-spatial-patterns—of-GPPfor-When we compared pre-fire eonditions-in2015-resembled-observed-NDVI-patterns

aVa ataa aVa Q m o Fa a me pa 4 fa 6 Fa h—Come—hna hio s daVaVa'

sinttated-modeboutputtrom (2015) EDv2.2 uni
eomparison-to-therest-of the GPP prediction with MODIS GPP, we found that there is an under-prediction across the study
area, while NDVl-¢learly-depicted-highervaluesfor-aswath-of the-southernportion—of study-area—that-extends—towards—h
with major differences towards southern region (higher
elevation areas) of the study area (Fig. 6). The results corroborates with our understanding from point-based results where
we found better predictions for lower elevation study points compared to those at higher elevations. We can observe a clear
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Figure 5. NDVI-from-Landsatimages-Mean monthly GPP (kgCm ?yr— ') ) for the month of July for entire study area for the pre-fire (2015)
and post-fire (2016 to 2019) years, predicted from EDv2.2 (top-mapstop-row), derived from MODIS (middle-row) and NBVt-change-every
the fire-ineident-compared—to-pre-fire NDVI-difference between two sources (bottom-mapsbottom-row). Landsat

th yo1 15t o reth poa anth L ogth

9-Area surrounded

by red polygon represents the area burnt by Soda Fire.
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affected region only second year after fire (2017) with signs of recovery in 2019. On the other hand, we could see only a slight
reduction in MODIS derived GPP, particularly for the years 2017 and 2018, for the burnt areas, in the post-fire years. By the

ear 2019, we could observe a good recovery for MODIS GPP.
We calculated Pearson’s correlation to further explore the association between modeled GPP and NDVAMODIS GPP. We

observed weak-to-moderate correlations for different areas (Table 3 and Fig. SJrﬂﬁJche%upp}emeﬁa—h%gemfal—eefre%&&eﬁ%

moderately-weakfor-different-yearsef-dataA2). For the entire area and for unburnt area the trend is such that correlation is
increasing through the years. Lower correlations for unburnt areas in the beginning years (2015 and 2016) could be because of

higher variation in vegetation productivity in these areas and because simulated GPP has not yet reached an equilibrium. On

the other hand, correlation for burnt area slightly increases after fire and drops back again, revealing more homogeneity and
close comparisons immediately after fire.
When-mean NDVE-and- GPP-vatues{

When mean GPP values from the EDv2.2 simulation }-and MODIS were plotted for the entire burnt area, unburnt area,

and whole area, there was moderate year-to-year agreement among the two sources in terms of immediate-fire-effeets;—with

years-post-fire-(Fig—7a-b)—GPP for the entire area. There was clear under-prediction of GPP with EDv2.2 compared to that
from MODIS, in general. While there was toni

and unburnt areas for EDv2.2 in the pre-fire condition, where as there was already a huge difference between these areas for
MODIS GPP. For EDv2.2 GPP

EDy.2.2 GPP in burnt areas started to reduce significantly in the second year after fire (2017). continued to remain low until
2018 and showed some recovery in the fourth year. In-the-pre-fire-condition(2015);the-fire-affected-region-had-27For the

modeled GPP, the burnt region had 20% less GPP than nen-fire-affected-areas-unburnt areas in the pre-fire year (2015), but
this gap inereased-to-4+%;49changed to 22%, 53%, and 61+%-i1n-50% , and 44% through the first (2016), second (2017)and

Nw@yv@(zow) after-fire

Wﬂmmw@wmi%
looked at absolute numbers but as we looked into percent difference in GPP between burnt and unburnt areas, we noticed slight
change in this gap through the years. Pre-fire (2015)
this-difference-inereased-to-about 34%in-the firstyear gap between burnt and unburnt areas for MODIS GPP was 50%, which
increased slightly to 55%, 61%, 62% through first, second and third post-fire - From the second year onward-this defieit started
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Figure 6. Average GPP from EDv2.2 and NBVEMODIS from Landsat calculated for all the burnt, unburnt, and total grids for annual July

snapshot maps from 2015 to 2019 (a-b). Error bars in the figure represent + one standard deviation.

GPP-suggested-somerecovery-only-in-years rspectively, before reducing this gap to 45% in the year 2019.
Modeled GPP for shrub followed the pattern of total GPP showing considerable loss in GPP in post fire years. One difference

315 with the total GPP, was observed during the fourth year after fire, N
gainby-that timewhen the shrub had not started recovery. In contrast, we observed different effects on C3 grass GPP. The GPP
for C3 grass in burnt areas were slightly higher than unburnt areas immediately after fire in 2016 and showed upward growth
trends until 2019, Although, the percent of C3 grass is very low in total GPP, some recovery seen in total GPP in 2019 is mostly.
contributed by the C3 grass growth.
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4 Discussion

In general, the modeled shrub and grass dynamics are similar to those documented in the literature. With a sustained absence of
fire or other disturbance, shrub cover and biomass can dominate over herbaceous species in shrub-steppe ecosystems (Bukowski
and Baker, 2013; Cleary et al., 2010; West and Young, 2000), although the complete disappearance of the grass component
suggested by our models is unlikely without the influence of other stressors (e.g., livestock grazing).

Thus, this latter dynamic suggests a need for further refinements in PFT development within the EDv2.2 framework, particu-
larly for the C3 grass which we used to represent perennial grasses in the study area. Nevertheless, the EDv2.2 model captures
the prevailing trend in ecosystem response to fire, giving it credibility and potential utility as a planning tool. Our modeled fire

effects in these ecosystems are also mostly corroborated by the literature —in terms of the vegetation loss, PFT competition

and recovery. Variation in growth and productivity for C3 grass and shrub after fire disturbance can be understood as their role
during different stages of secondary succession. Being an early successional PET, C3 grass grows quickly and produces high
GPP by making most out of the favorable growing conditions following the disturbance as shown by Moorcroft et al. (2001).
As shrubs start to recover, competition increases at both above and below ground levels for light, water and nutrients reducing

the growth of grass thus causing a net loss in total GPP despite an increase in shrub GPP. Most sagebrush species are easily
top-killed by fire, do not resprout, and have poor seed viability and dispersal capacity; thus, species of big sagebrush typi-

cally require several decades or more to recover to mature conditions post-fire (Baker, 2006; Lesica et al., 2007; Shinneman
and Mcllroy, 2016). If fire becomes too frequent, shrubs may be prevented from reestablishing, especially in the presence of
fire-adapted, nonnative, annual grasses (Brooks et al., 2004). However, even in the presence of nonnative plants, field-based
observations suggest that with enough time between fires, shrubs may gradually reeevery-recover as nonnative herbaceous
species dominance declines (Rew and Johnson, 2010; Shinneman and Baker, 2009).

Despite the interannual variability evidentin the observed ftax-towerdataGPP as evident from the flux tower observation, the
poor comparisons for the higher elevation sites US and RMS than the lower elevation sites could be explained by the fact that
the shrub parameters we used were mainly developed and calibrated for the lower sites (LS and WBS sites) with reasonable
agreement (Pandit et al., 2019), and thus may not have accounted for teeal-regional variability. Higher ecosystem productivity
and quick post-fire recovery at the RMS site compared to the other three sites can be associated with higher productivity, higher
precipitation and lower temperature, as saggested-by-shown in previous studies (Keane et al., 2008; Nelson et al., 2014; Shriver
et al., 2018).

With the introduction of fire, even-theugh-we observed drastic change in PFF-ecomposition,total-GPP-barely-dipped-for
abeut-5-model predicted GPP for burnt areas for about 4 years post-fire. Recovery-of NDVI-in-the-burnt-area-in-the-second
in the EDv2.2 model (Longo et al., 2019a), where there is a linear increase in burnt area through years given the availability
of fuel. There was some recovery observed in the GPP in the fourth year after fire which was mostly because of the increase

in C3 grass GPP. Absence of major reduction in MODIS GPP in the burnt area in the post-fire years could be mainly because
of perennial grasses and shrubs. Grasses (perennial) could be growing in the second year post-fire when conditions were-are
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favorable for their growth. The seasonality of the fire also affects how quickly perennial grass grow back, as a late summer
or early fall fire would cause less damage to these grasses (White et al., 2008; Wright and Klemmedson, 1965). This prompt
recovery of grass vegetation in the ecosystem was probably not well captured by the EDv2.2 with the default PFT parameters

based on a temperate C3 grass.

years—As-expeeted;fire-disturbanee-Fire disturbance phenomena in the EDv2.2 model could not truly represent the true cir-
cumstances in the affected area, even though we tried to parameterize the fire severity to match the real scenario. The fire
disturbance function in the model did not burn the entire area at once; it rather selected grids randomly that would meet the
potential fire criteria and kill the vegetation. Forkel et al. (2019) also found DGVMs underestimating burned area compared
to satellite-derived responses. In addition, this process was gradual and spread over the subsequent years, therefore we saw
the most obvious differences between burnt and unburnt areas enty-at-until the end of the second-year(2647third year (2018)

postfire. Eetal-+26042)feund-aZou et al. (2019) in their study on Region-specific Ecosystem Feedback Fire (RESFire) model

with Community Earth System Model also found a decline in GPP until second year after fire with a recovery in about eight
ears. Li et al. (2012) also found similar pattern predicted by CLM-DGVM in burnt areas while testing different fire parame-

ters (Levis et al., 2004; Thonicke et al., 2001) in the model, showing annual variability in burnt area that was at maximum only
in the fifth year post-fire. Updating of fire and PFT related parameters along with functional structures about fire-vegetation in-

teractions in the model could better predict burnt areas and vegetation recovery. These findings based on a regional application

of a fire module developed explicitly for global applications of a DGVM suggest that future effort is needed to develop more
realistic treatments of fire when models like EDv2.2 are applied over smaller regions.

Our GPP outputs from spin-up simulations by EDv2.2 in a bare-earth scenario was largely influenced by meteorological

forcing data. Our use of modeled meteorological data from the WRF model may be an additional source of error. A—final

~While making these comparisons, we need
to understand that there are also sources of uncertainty associated with MODIS derived GPP (Robinson et al., 2018).

5 Conclusions

In this study, we explored fire-induced alterations to GPP in a dryland shrub ecosystem, in terms of shrub and C3 grass PFT.

Results show that fire model in EDv2.2 capture long-term vegetation dynamics fairly well while fire model behavior resulted

in mismatch at short-term predictions when compared with MODIS GPP. Under the no fire condition, shrubs were dominant
and C3 grasses disappeared while approaching an equilibrium state of pure shrubs. Simulation results from the WBS site

matched well with observations, whereas model results from the remaining three sites underestimated observed GPP data from

flux towers. With the introduction of fire, we saw a decline in shrubs and a simultaneous rise in C3 grasses for approximately
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3 to 4 decades of time, followed by slow recovery of shrubs at the expense of grasses. Regional simulation of GPP with
EDv2.2 showed continued reduction in GPP for several years post-fire, which only started to increase again with inereasing
shrub-prevalenee-some increase in C3 grass GPP by the fourth year post-fire. These modeled GPP trends moderately correlate

390 to what actual GPP trends may be, as indicated by the post-fire NBDVE-GPP response observed from four years of post-fire
FLandsatMODIS imagery.

This study documents an application of EDv2.2 to understand vegetation productivity trends in a semi-arid shrubland ecosys-
tem under alternate fire scenarios at the point scale and evatuating-the spatiotemporal-trend-of provides spatiotemporal trends in
vegetation disturbance due to fire disturbance and vegetation-subsequent recovery at the regional scale. We could reduce uncer-

395 tainties in comparing model outputs with EC tower observation and satellite-derived products by improving representation of

fire and vegetation pararn

of the errors in input forcing data.

haracteristics and through a more detailed accountin
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Figure A1l. Mean annual trends in shrub, C;3 grass (temperate C3 grass) and total AGB (kng_2 (shrub and C; grass AGB showed in stack

simulated at four EC flux tower sites (LS, WBS, US, and RMS). Figures in the left column represents the trend in the no fire condition, the

middle column the low fire severity condition, and the right column the high fire severity condition. For the model runs with fire conditions

fire was introduced in the 25" year of simulation. The red dashed line is scaled by the secondary y-axis (right), which shows mean fire

disturbance rate for the simulation years.
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Figure A2. Mean monthly GPP (kgCm ~2yr~1) for the month July of every year . The starting year (2015) shows the pre-fire condition in

the 25" year of spin-up, and the 4 subsequent years represent annual conditions after fire. Maps in the bottom show change in GPP eve

subsequent year after the fire incident compared to the pre-fire condition in 2015.
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Figure A3. Mean monthly GPP (kgCm™~2yr~") for the month July of every year . The starting year (2015) shows the pre-fire condition in

the 25" vear of spin-up, and the 4 subsequent years represent annual conditions after fire. Maps in the bottom show change in GPP eve

subsequent year after the fire incident compared to the pre-fire condition in 2015.
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Table Al. Percent difference of GPP between burnt and unburnt areas ((GPP in unburnt area - GPP in burnt area)/GPP in unburnt area) for

Code and data availability. The original EDv2.2 is available on the GitHub repository at https://github.com/EDmodel/ED2 (ED2

400 Model Development Team, 2014, last access: 05 November, 2019). EDv2.2 with shrub PFT parameters used in this study is avail-
able at https://doi.org/10.5281/zenodo.3461233 (Pandit, 2019a, last access: 16 December, 2019), and input data are available at
http://doi.org/10.5281/zenodo.3592261 (Pandit, 2019, last access: 23 December, 2019).

Author contributions. KP led the model runs and manuscript preparation with significant contributions from all co-authors. KP, HD, ATH,

NFG, ANF and DJS conceived the idea and contributed to the research design.

405 Competing interests. The authors declare that they have no conflict of interest.

Acknowledgements. This research has been supported by the NASA Terrestrial Ecology NNX14AD81G, US Forest Service Western Wild-
lands Environmental Threat Assessment Center (WWETAC) to Boise State University through Joint Venture Agreement (17-JV-11221633-
130), and the Joint Fire Science Program Project ID: 15-1-03-23. Field access and support were provided by USDA ARS Northwest Water-
shed Research Center. We thank members from Boise Center Aerospace Laboratory (BCAL), Lab for Ecohydrology Alternative Futuring
410 (LEAF) and Research Computing at Boise State University. Part of this work was performed at the R2 computer cluster, Boise State Univer-

sity. Any use of trade, product, or firm names is for descriptive purposes only and does not simply endorsement by the US Government.

23



415

420

425

430

435

440

445

References

Baker, W. L.: Fire and Restoration of Sagebrush Ecosystems, Wildlife Society Bulletin, 34, 177-185, https://doi.org/10.2193/0091-
7648(2006)34[177:farose]2.0.co;2, 2006.

BLM: Bureau of Land Management: Soda Fire: Emergency Stabilization and Rehabilitation, Idaho and Oregon, http://www.blm.gov/style/
medialib/blm/id/fire/soda{_}fire.Par.28558.File.dat/SodaFireESR{_}StatusReport{_}2016-0615.pdf, 2016.

Bond-Lamberty, B., Fisk, J. P,, Holm, J. A., Bailey, V., Bohrer, G., and Gough, C. M.: Moderate forest disturbance as a stringent test for gap
and big-leaf models, Biogeosciences, 12, 513-526, https://doi.org/10.5194/bg-12-513-2015, 2015.

Bradley, B. A.: Assessing ecosystem threats from global and regional change: Hierarchical modeling of risk to sagebrush ecosystems from cli-
mate change, land use and invasive species in Nevada, USA, Ecography, 33, 198-208, https://doi.org/10.1111/j.1600-0587.2009.05684.x,
2010.

Bradley, B. A., Houghton, R. A., Mustard, J. F., and Hamburg, S. P.: Invasive grass reduces aboveground carbon stocks in shrublands of the
Western US, Global Change Biology, 12, 1815-1822, https://doi.org/10.1111/j.1365-2486.2006.01232.x, 2006.

Bradley, B. A., Curtis, C. A., Fusco, E. J., Abatzoglou, J. T., Balch, J. K., Dadashi, S., and Tuanmu, M. N.: Cheatgrass (Bromus tecto-
rum) distribution in the intermountain Western United States and its relationship to fire frequency, seasonality, and ignitions, Biological
Invasions, 20, 1493-1506, https://doi.org/10.1007/s10530-017-1641-8, https://doi.org/10.1007/s10530-017-1641-8, 2018.

Brooks, M. L., , D’ Antonio, C. M., , Richardson, D. M., Grace, J. B., Keeley, J. E., DiTomaso, J. M., Hobbs, R. J., Pellant, M., and Pyke, D.:
Effects of Invasive Alien Plants on Fire Regimes, BioScience, 54, 677, https://doi.org/10.1641/0006-3568(2004)054[0677:eoiapo]2.0.co;2,
2004.

Building, W., Analysis, E., Barbara, S., Barbara, S., Balch, J. K., Bradley, B. A., D’Antonio, C. M., and Gémez-Dans, J.: Intro-
duced annual grass increases regional fire activity across the arid western USA (1980-2009), Global Change Biology, 19, 173-183,
https://doi.org/10.1111/gcb.12046, 2013.

Bukowski, B. E. and Baker, W. L.: Historical fire regimes, reconstructed from land-survey data, led to complexity and fluctuation in sagebrush
landscapes, Ecological Applications, 23, 546-564, https://doi.org/10.1890/12-0844.1, 2013.

Chambers, J. C.: Seed movements and seedling fates in disturbed sagebrush steppe ecosystems: implications for restoration, Ecological
Applications, 10, 1400-1413, 2000.

Cleary, M. B., Pendall, E., and Ewers, B. E.: Aboveground and belowground carbon pools after fire in mountain big sagebrush steppe,
Rangeland Ecology and Management, 63, 187-196, https://doi.org/10.2111/REM-D-09-00117.1, 2010.

Diamond, J. M., Call, C. A., and Devoe, N.: Effects of Targeted Grazing and Prescribed Burning on Community and Seed Dy-
namics of a Downy Brome ( Bromus tectorum )-Dominated Landscape , Invasive Plant Science and Management, 5, 259-269,
https://doi.org/10.1614/ipsm-d-10-00065.1, 2012.

ED2 Model Development Team: Ecosystem Demography model (ED-2) code repository, https://github.com/EDmodel/ED2, last access: 10
November, 2019, 2014.

Ellsworth, L. M., Wrobleski, D. W., Kauffman, J. B., and Reis, S. A.: Ecosystem resilience is evident 17 years after fire in Wyoming big
sagebrush ecosystems, Ecosphere, 7, https://doi.org/10.1002/ecs2.1618, 2016.

Fellows, A. W., Flerchinger, G. N., Seyfried, M. S., and Lohse, K.: Data for Partitioned Carbon and Energy Fluxes Within the Reynolds
Creek Critical Zone Observatory, Data set, https://doi.org/10.18122/B2TD7V, 2017.

24


https://doi.org/10.2193/0091-7648(2006)34[177:farose]2.0.co;2
https://doi.org/10.2193/0091-7648(2006)34[177:farose]2.0.co;2
https://doi.org/10.2193/0091-7648(2006)34[177:farose]2.0.co;2
http://www.blm.gov/style/medialib/blm/id/fire/soda{_}fire.Par.28558.File.dat/SodaFireESR{_}StatusReport{_}2016-0615.pdf
http://www.blm.gov/style/medialib/blm/id/fire/soda{_}fire.Par.28558.File.dat/SodaFireESR{_}StatusReport{_}2016-0615.pdf
http://www.blm.gov/style/medialib/blm/id/fire/soda{_}fire.Par.28558.File.dat/SodaFireESR{_}StatusReport{_}2016-0615.pdf
https://doi.org/10.5194/bg-12-513-2015
https://doi.org/10.1111/j.1600-0587.2009.05684.x
https://doi.org/10.1111/j.1365-2486.2006.01232.x
https://doi.org/10.1007/s10530-017-1641-8
https://doi.org/10.1007/s10530-017-1641-8
https://doi.org/10.1641/0006-3568(2004)054[0677:eoiapo]2.0.co;2
https://doi.org/10.1111/gcb.12046
https://doi.org/10.1890/12-0844.1
https://doi.org/10.2111/REM-D-09-00117.1
https://doi.org/10.1614/ipsm-d-10-00065.1
https://github.com/EDmodel/ED2
https://doi.org/10.1002/ecs2.1618
https://doi.org/10.18122/B2TD7V

450

455

460

465

470

475

480

485

Fisher, R., McDowell, N., Purves, D., Moorcroft, P., Sitch, S., Cox, P., Huntingford, C., Meir, P., and Ian Woodward, F.: Assessing un-
certainties in a second-generation dynamic vegetation model caused by ecological scale limitations, New Phytologist, 187, 666—-681,
https://doi.org/10.1111/j.1469-8137.2010.03340.x, 2010.

Fisher, R. A. and Koven, C. D.: Perspectives on the Future of Land Surface Models and the Challenges of Representing Complex Terrestrial
Systems, Journal of Advances in Modeling Earth Systems, 12, e2018MS001 453, https://doi.org/10.1029/2018MS001453, https://agupubs.
onlinelibrary.wiley.com/doi/abs/10.1029/2018MS001453, e2018MS001453 2018MS001453, 2020.

Flerchinger, G. N., Fellows, A. W., Seyfried, M. S., Clark, P. E., and Lohse, K. A.: Water and Carbon Fluxes Along an Elevational Gradient in
a Sagebrush Ecosystem, Ecosystems, https://doi.org/10.1007/s10021-019-00400-x, https://doi.org/10.1007/s10021-019-00400-x, 2019.

Flores, A., Masarik, M., and Watson, K.: A 30-Year, Multi-Domain High-Resolution Climate Simulation Dataset for the Interior Pacific
Northwest and Southern Idaho, http://dx.doi.org/10.18122/B2LEAFD001, 2016.

Forkel, M., Andela, N., P Harrison, S., Lasslop, G., Van Marle, M., Chuvieco, E., Dorigo, W., Forrest, M., Hantson, S., Heil, A., Li, F,,
Melton, J., Sitch, S., Yue, C., and Arneth, A.: Emergent relationships with respect to burned area in global satellite observations and
fire-enabled vegetation models, Biogeosciences, 16, 57-76, https://doi.org/10.5194/bg-16-57-2019, 2019.

Fusco, E. J., Rau, B. M., Falkowski, M., Filippelli, S., and Bradley, B. A.: Accounting for aboveground carbon storage in shrubland and
woodland ecosystems in the Great Basin, Ecosphere, 10, https://doi.org/10.1002/ecs2.2821, 2019.

Glenn, N. F, Spaete, L. P, Shrestha, R., A, L., Ilangakoon, N., Mitchell, J., Ustin, S. L., Y, Q., Dashti, H., and K, F.: Shrubland Species
Cover, Biometric, Carbon and Nitrogen Data, Southern Idaho, ORNL DAAC, Oak Ridge, Tennessee, USA., https://doi.org/10.3334/
ORNLDAAC/1503, 2017.

Hood, S. M. and Miller, M.: Fire ecology and management of the major ecosystems of southern Utah, US Forest Service, Gen. Tech. Rep.
RMRS-GTR-202, p. 110, 2007.

Keane, R. E., Agee, J. K., Ful, P, Keeley, J. E., Key, C., Kitchen, S. G., Miller, R., and Schulte, L. A.: Ecological effects of large fires on US
landscapes: Benefit or catastrophe?, https://doi.org/10.1071/WF07148, 2008.

Kim, Y., Knox, R. G., Longo, M., Medvigy, D., Hutyra, L. R., Pyle, E. H., Wofsy, S. C., Bras, R. L., and Moorcroft, P. R.: Seasonal carbon
dynamics and water fluxes in an Amazon rainforest, Global Change Biology, https://doi.org/10.1111/j.1365-2486.2011.02629.x, 2012.
Knick, S. T., Dobkin, D. S., Rotenberry, J. T., Schroeder, M. A., Vander Haegen, W. M., and van Riper, C.: Teetering on the Edge or Too

Late? Conservation and Research Issues for Avifauna of Sagebrush Habitats, The Condor, 105, 611, https://doi.org/10.1650/7329, 2003.

Knorr, W., Jiang, L., and Arneth, A.: Climate, CO2 and human population impacts on global
wildfire emissions, Biogeosciences, 13, 267-282, https://doi.org/10.5194/bg-13-267-2016, https://bg.copernicus.org/articles/13/267/
2016/, 2016.

Knutson, K. C., Pyke, D. A., Wirth, T. A., Arkle, R. S., Pilliod, D. S., Brooks, M. L., Chambers, J. C., and Grace, J. B.: Long-term
effects of seeding after wildfire on vegetation in Great Basin shrubland ecosystems, Journal of Applied Ecology, 51, 1414-1424,
https://doi.org/10.1111/1365-2664.12309, 2014.

LCC: Landscape Conservation Cooperatives, 2015: LCC Network Areas OGC Webservices, Landscape Conservation Cooperatives: 2015,
http://dx.doi.org/10.18122/B2LEAFDO001, 2019.

Lenihan, J. M., Bachelet, D., Neilson, R. P., and Drapek, R.: Response of vegetation distribution, ecosystem productivity, and fire to climate
change scenarios for California, Climatic Change, 87, 215-230, https://doi.org/10.1007/s10584-007-9362-0, 2007.

Lesica, P., Cooper, S. V., and Kudray, G.: Recovery of big sagebrush following fire in southwest Montana, Rangeland Ecology and Manage-
ment, 60, 261-269, https://doi.org/10.2111/1551-5028(2007)60[261:ROBSFF]2.0.CO;2, 2007.

25


https://doi.org/10.1111/j.1469-8137.2010.03340.x
https://doi.org/10.1029/2018MS001453
https://agupubs.onlinelibrary.wiley.com/doi/abs/10.1029/2018MS001453
https://agupubs.onlinelibrary.wiley.com/doi/abs/10.1029/2018MS001453
https://agupubs.onlinelibrary.wiley.com/doi/abs/10.1029/2018MS001453
https://doi.org/10.1007/s10021-019-00400-x
https://doi.org/10.1007/s10021-019-00400-x
http://dx.doi.org/10.18122/B2LEAFD001
https://doi.org/10.5194/bg-16-57-2019
https://doi.org/10.1002/ecs2.2821
https://doi.org/10.3334/ORNLDAAC/1503
https://doi.org/10.3334/ORNLDAAC/1503
https://doi.org/10.3334/ORNLDAAC/1503
https://doi.org/10.1071/WF07148
https://doi.org/10.1111/j.1365-2486.2011.02629.x
https://doi.org/10.1650/7329
https://doi.org/10.5194/bg-13-267-2016
https://bg.copernicus.org/articles/13/267/2016/
https://bg.copernicus.org/articles/13/267/2016/
https://bg.copernicus.org/articles/13/267/2016/
https://doi.org/10.1111/1365-2664.12309
http://dx.doi.org/10.18122/B2LEAFD001
https://doi.org/10.1007/s10584-007-9362-0
https://doi.org/10.2111/1551-5028(2007)60[261:ROBSFF]2.0.CO;2

490

495

500

505

510

515

520

Levis, S., Bonan, G. B., Vertenstein, M., and Oleson, K. W.: The Community Land Model’s Dynamic Global Vegetation Model (CLM-
DGVM): Technical Description and User’s Guide, NCAR/Tn-459+1a, p. 50, https://doi.org/10.5065/D6P26W36 CN - 03559 LA - en,
2004.

Li, E, Zeng, X. D., and Levis, S.: A process-based fire parameterization of intermediate complexity in a dynamic global vegetation model,
Biogeosciences, 9, 2761-2780, https://doi.org/10.5194/bg-9-2761-2012, 2012.

Longo, M., Knox, R. G., Levine, N. M., Swann, A. L. S., Medvigy, D. M., Dietze, M. C., Kim, Y., Zhang, K., Bonal, D., Burban, B., Camargo,
P. B., Hayek, M. N., Saleska, S. R., da Silva, R., Bras, R. L., Wofsy, S. C., and Moorcroft, P. R.: The biophysics, ecology, and biogeo-
chemistry of functionally diverse, vertically and horizontally heterogeneous ecosystems: the Ecosystem Demography model, version 2.2
— Part 2: Model evaluation for tropical South America, Geoscientific Model Development, 12, 4347-4374, https://doi.org/10.5194/gmd-
12-4347-2019, https://gmd.copernicus.org/articles/12/4347/2019/, 2019a.

Longo, M., Knox, R. G., Medvigy, D. M., Levine, N. M., Dietze, M. C., Kim, Y., Swann, A. L., Zhang, K., Rollinson, C. R., Bras, R. L.,
Wofsy, S. C., and Moorcroft, P. R.: The biophysics, ecology, and biogeochemistry of functionally diverse, vertically and horizontally
heterogeneous ecosystems: The Ecosystem Demography model, version 2.2-Part 1: Model description, Geoscientific Model Development,
12, 4309-4346, https://doi.org/10.5194/gmd-12-4309-2019, 2019b.

McArthur, E. D. and Stevens, R.: Composite Shrubs, USDA Forest Service Gen. Tech. Rep., pp. 493-534, https://doi.org/10.1016/B978-0-
08-044859-6.50022-8, 2004.

Medvigy, D., Wofsy, S. C., Munger, J. W., Hollinger, D. Y., and Moorcroft, P. R.: Mechanistic scaling of ecosystem function and dy-
namics in space and time: Ecosystem Demography model version 2, Journal of Geophysical Research: Biogeosciences, 114, 1-21,
https://doi.org/10.1029/2008JG000812, 2009.

Medvigy, D. M.: The state of the regional carbon cycle: Results from a coupled constrained ecosystem-atmosphere model, Ph.D. thesis,
Harvard University, Cambridge, MA, 2006.

Miller, R. E,, Chambers, J. C., Pyke, D. A., Pierson, F. B., and Jason Williams, C.: A review of fire effects on vegetation and soils in the great
basin region: Response and ecological site characteristics, USDA Forest Service - General Technical Report RMRS-GTR, 2013.

Moorcroft, P. R.: Recent advances in ecosystem-atmosphere interactions: An ecological perspective, Proceedings of the Royal Society B:
Biological Sciences, 270, 1215-1227, https://doi.org/10.1098/rspb.2002.2251, 2003.

Moorcroft, P. R., Hurtt, G. C., and Pacala, S. W.: A method for scaling vegetation dynamics: The ecosystem demography model (ED),
Ecological Monographs, https://doi.org/10.1890/0012-9615(2001)071[0557:AMFSVD]2.0.CO;2, 2001.

Murphy, T., Naugle, D. E., Eardley, R., Maestas, J. D., Griffiths, T., Pellant, M., and Stiver, S. J.: Trial by fire, Rangelands, 35, 2-10,
https://doi.org/10.2111/RANGELANDS-D-13-00009.1, 2013.

National Centers for Environmental Prediction, National Weather Service, NOAA, U.S. Department of Commerce: NCEP North American
Regional Reanalysis (NARR), https://rda.ucar.edu/datasets/ds608.0/, last access: 17 November, 2018, 2005.

Nelson, Z. J., Weisberg, P. J., and Kitchen, S. G.: Influence of climate and environment on post-fire recovery of mountain big sagebrush,
International Journal of Wildland Fire, 23, 131-142, https://doi.org/10.1071/WF13012, 2014.

NOAA: National Oceanic and Atmospheric Administration: Monthly total precipitation for Boise area, NOAA online weather data, https:
/Iw2.weather.gov/climate/xmacis.php?wfo=boi, last access: 24 October, 2019, 2019.

Pandit, K.: Modified source codes for ED2 with shrub parameters, Zenodo, https://doi.org/10.5281/zenodo.3461233, last access: 16 Decem-
ber, 2019, 2019a.

Pandit, K.: Data for ED2 fire scenarios, Zenodo, http://doi.org/10.5281/zenodo.3592261, last access: 23 December, 2019, 2019b.

26


https://doi.org/10.5065/D6P26W36 CN - 03559 LA - en
https://doi.org/10.5194/bg-9-2761-2012
https://doi.org/10.5194/gmd-12-4347-2019
https://doi.org/10.5194/gmd-12-4347-2019
https://doi.org/10.5194/gmd-12-4347-2019
https://gmd.copernicus.org/articles/12/4347/2019/
https://doi.org/10.5194/gmd-12-4309-2019
https://doi.org/10.1016/B978-0-08-044859-6.50022-8
https://doi.org/10.1016/B978-0-08-044859-6.50022-8
https://doi.org/10.1016/B978-0-08-044859-6.50022-8
https://doi.org/10.1029/2008JG000812
https://doi.org/10.1098/rspb.2002.2251
https://doi.org/10.1890/0012-9615(2001)071[0557:AMFSVD]2.0.CO;2
https://doi.org/10.2111/RANGELANDS-D-13-00009.1
https://rda.ucar.edu/datasets/ds608.0/
https://doi.org/10.1071/WF13012
https://w2.weather.gov/climate/xmacis.php?wfo=boi
https://w2.weather.gov/climate/xmacis.php?wfo=boi
https://w2.weather.gov/climate/xmacis.php?wfo=boi
https://doi.org/10.5281/zenodo.3461233
http://doi.org/10.5281/zenodo.3592261

525

530

535

540

545

550

555

560

Pandit, K., Dashti, H., Glenn, N. F., Flores, A. N., Maguire, K. C., Shinneman, D. J., Flerchinger, G. N., and Fellows, A. W.: Developing
and optimizing shrub parameters representing sagebrush (Artemisia spp.) ecosystems in the northern Great Basin using the Ecosystem
Demography (EDv2.2) model, Geoscientific Model Development, 12, 4585-4601, https://doi.org/10.5194/gmd-12-4585-2019, 2019.

Pilliod, D. S., Welty, J. L., and Arkle, R. S.: Refining the cheatgrass—fire cycle in the Great Basin: Precipitation timing and fine fuel compo-
sition predict wildfire trends, Ecology and Evolution, 7, 8126-8151, https://doi.org/10.1002/ece3.3414, 2017.

Pyke, D., Chambers, J., Pellant, M., Knick, S., Miller, R., Beck, J., Doescher, P., Schupp, E., Roundy, B., Brunson, M., and Mclver,
J.: Restoration Handbook for Sagebrush Steppe Ecosystems with Emphasis on Greater Sage-Grouse Habitat — Part 1 . Con-
cepts for Understanding and Applying Restoration, United States Geological Survey - United States Department of the Interior,
https://doi.org/10.3133/circ1416, 2015.

Renwick, K. M., Fellows, A., Flerchinger, G. N., Lohse, K. A., Clark, P. E., Smith, W. K., Emmett, K., and Poulter, B.: Model-
ing phenological controls on carbon dynamics in dryland sagebrush ecosystems, Agricultural and Forest Meteorology, 274, 85-94,
https://doi.org/10.1016/j.agrformet.2019.04.003, https://doi.org/10.1016/j.agrformet.2019.04.003, 2019.

Rew, L. J. and Johnson, M. P.: Reviewing the Role of Wildfire on the Occurrence and Spread of Invasive Plant Species in Wildland Areas
of the Intermountain Western United States, Invasive Plant Science and Management, 3, 347-364, https://doi.org/10.1614/ipsm-08-107.1,
2010.

Rigge, M., Shi, H., Homer, C., Danielson, P., and Granneman, B.: Long-term trajectories of fractional component change in the Northern
Great Basin, USA, Ecosphere, 10, https://doi.org/10.1002/ecs2.2762, 2019.

Robinson, N., Allred B.W.and Smith, W., Jones, M. O., Moreno, A., Erickson, T. A., Naugle, D. E., and Running, S. W.: Terrestrial pri-
mary production for the conterminous United States derived from Landsat 30 m and MODIS 250 m, Remote Sensing in Ecology and
Conservation, 4, 264-280, https://doi.org/https://doi.org/10.1002/rse2.74, 2018.

Running, S. W., Nemani, R. R., Heinsch, F. A. N. N., Zhao, M., Reeves, M., and Hashimoto, H.: A Continuous Satellite-Derived Measure of
Global Terrestrial Primary Production, BioScience, 54, 547, https://doi.org/10.1641/0006-3568(2004)054[0547:acsmog]2.0.co0;2, 2004.
Schroeder, M. A., Aldridge, C. L., Apa, A. D., Bohne, J. R., Braun, C. E., Bunnell, S. D., Connelly, J. W., Deibert, P. A., Gardner, S. C.,
Hilliard, M. A., Kobriger, G. D., McAdam, S. M., McCarthy, C. W., McCarthy, J. J., Mitchell, D. L., Rickerson, E. V., and Stiver, S. J.:

Distribution of Sage-Grouse in North America, The Condor, 106, 363, https://doi.org/10.1650/7425, 2004.

Sellers, P. J.: Canopy reflectance, photosynthesis, and transpiration, II. The role of biophysics in the linearity of their interdependence,
Remote Sensing of Environment, https://doi.org/10.1016/0034-4257(87)90051-4, 1987.

Sellers, P. J., Berry, J. A., Collatz, G. J., Field, C. B., and Hall, F. G.: Canopy reflectance, photosynthesis, and transpiration. IIl. A reanalysis
using improved leaf models and a new canopy integration scheme, Remote Sensing of Environment, 42, 187-216, 1992.

Seyfried, M. S., Harris, R. C., Marks, D. G., and Jacob, B.: A Geographic Database for Watershed Research, Reynolds Creek Experimental
Watershed, Idaho, USA, ARS Technical Bulletin, NWRC-2000-, 2000.

Shinneman, D. J. and Baker, W. L.: Environmental and climatic variables as potential drivers of post-fire cover of cheatgrass (Bromus
tectorum) in seeded and unseeded semiarid ecosystems, International Journal of Wildland Fire, https://doi.org/10.1071/WF07043, 2009.

Shinneman, D. J. and Mcllroy, S. K.: Identifying key climate and environmental factors affecting rates of post-fire big sagebrush (Artemisia
tridentata) recovery in the northern Columbia Basin, USA, International Journal of Wildland Fire, https://doi.org/10.1071/WF16013, 2016.

Shriver, R. K., Andrews, C. M., Pilliod, D. S., Arkle, R. S., Welty, J. L., Germino, M. J., Duniway, M. C., Pyke, D. A., and Bradford,
J. B.: Adapting management to a changing world: Warm temperatures, dry soil, and interannual variability limit restoration success of a

dominant woody shrub in temperate drylands, Global Change Biology, 24, 4972-4982, https://doi.org/10.1111/gcb.14374, 2018.

27


https://doi.org/10.5194/gmd-12-4585-2019
https://doi.org/10.1002/ece3.3414
https://doi.org/10.3133/circ1416
https://doi.org/10.1016/j.agrformet.2019.04.003
https://doi.org/10.1016/j.agrformet.2019.04.003
https://doi.org/10.1614/ipsm-08-107.1
https://doi.org/10.1002/ecs2.2762
https://doi.org/https://doi.org/10.1002/rse2.74
https://doi.org/10.1641/0006-3568(2004)054[0547:acsmog]2.0.co;2
https://doi.org/10.1650/7425
https://doi.org/10.1016/0034-4257(87)90051-4
https://doi.org/10.1071/WF07043
https://doi.org/10.1071/WF16013
https://doi.org/10.1111/gcb.14374

565

570

575

580

585

590

595

Skamarock, W., Klemp, J., Dudhi, J., Gill, D., Barker, D., Duda, M., Huang, X.-Y., Wang, W., and Powers, J.: A Description
of the Advanced Research WRF Version 3. NCAR Tech. Note NCAR/TN-468+STR, 113 pp., NCAR TECHNICAL NOTE,
https://doi.org/10.5065/D68S4MVH, 2008.

Smith, B., Prentice, I. C., and Sykes, M. T.: Representation of vegetation dynamics in the modelling of terrestrial ecosystems: Comparing two
contrasting approaches within European climate space, Global Ecology and Biogeography, 10, 621-637, https://doi.org/10.1046/j.1466-
822X.2001.00256.x, 2001.

Thonicke, K., Venevsky, S., Sitch, S., and Cramer, W.: The role of fire disturbance for global vegetation dynamics: Coupling fire into a
dynamic global vegetation model, Global Ecology and Biogeography, 10, 661-677, https://doi.org/10.1046/j.1466-822X.2001.00175 X,
2001.

Thonicke, K., Spessa, A., Prentice, I. C., Harrison, S. P., Dong, L., and Carmona-Moreno, C.: The influence of vegetation, fire spread
and fire behaviour on biomass burning and trace gas emissions: results from a process-based model, Biogeosciences, 7, 1991-2011,
https://doi.org/10.5194/bg-7-1991-2010, https://bg.copernicus.org/articles/7/1991/2010/, 2010.

Trugman, A. T., Fenton, N. J., Bergeron, Y., Xu, X., Welp, L. R., and Medvigy, D.: Climate, soil organic layer, and nitrogen
jointly drive forest development after fire in the North American boreal zone, Journal of Advances in Modeling Earth Systems,
https://doi.org/10.1002/2015MS000576, 2016.

Walton, T. P, White, R. S., and Wambolt, C. L.: Artemisia reproductive strategies: a review with empahasis on plains silver sagebrush.,
General Technical Report - US Department of Agriculture, Forest Service, 1986.

Weiss, A. and Norman, J. M.: Partitioning solar radiation into direct and diffuse, visible and near-infrared components, Agricultural and
Forest Meteorology, https://doi.org/10.1016/0168-1923(85)90020-6, 1985.

Welch, B. L. and Criddle, C.: Countering misinformation concerning big sagebrush, USDA Forest Service - Research Paper RMRS-RP, pp.
1-33, https://doi.org/10.2737/rmrs-rp-40, 2003.

West, N. and Young, J.: Intermountain valleys and lower mountain slopes, North American Terrestrial Vegetation, 2000.

Whisenant, S. G.: Changing fire frequencies on Idaho’s Snake River Plains: ecological and management implications, General Technical
Report - US Department of Agriculture, Forest Service, pp. 4-10, https://doi.org/10.1016/0006-3207(92)90659-b, 1990.

White, J. D., Gutzwiller, K. J., Barrow, W. C., Randall, L. J., and Swint, P.: Modeling mechanisms of vegetation change due to fire in a
semi-arid ecosystem, Ecological Modelling, 214, 181-200, https://doi.org/10.1016/j.ecolmodel.2008.02.032, 2008.

Wright, H. A. and Klemmedson, J. O.: Effect of Fire on Bunchgrasses of the Sagebrush-Grass Region in Southern Idaho, Ecology, 46,
680-688, https://doi.org/10.2307/1935007, http://doi.wiley.com/10.2307/1935007, 1965.

Wylie, B. K., Johnson, D. A., Laca, E., Saliendra, N. Z., Gilmanov, T. G., Reed, B. C., Tieszen, L. L., and Worstell, B. B.: Calibration of
remotely sensed, coarse resolution NDVI to CO 2 fluxes in a sagebrush-steppe ecosystem, Remote Sensing of Environment, 85, 243-255,
https://doi.org/10.1016/S0034-4257(03)00004-X, 2003.

Zhang, K., de Almeida Castanho, A. D., Galbraith, D. R., Moghim, S., Levine, N. M., Bras, R. L., Coe, M. T., Costa, M. H., Malhi, Y.,
Longo, M., Knox, R. G., Mcknight, S., Wang, J., and Moorcroft, P. R.: The fate of Amazonian ecosystems over the coming century arising
from changes in climate, atmospheric CO<inf>2,</inf> and land use, Global Change Biology, https://doi.org/10.1111/gcb.12903, 2015.

Zou, Y., Wang, Y., Ke, Z., Tian, H., Yang, J., and Liu, Y.: Development of a REgion-Specific Ecosystem Feedback Fire (RESFire) Model in the
Community Earth System Model, Journal of Advances in Modeling Earth Systems, 11, 417445, https://doi.org/10.1029/2018MS001368,
https://agupubs.onlinelibrary.wiley.com/doi/abs/10.1029/2018MS001368, 2019.

28


https://doi.org/10.5065/D68S4MVH
https://doi.org/10.1046/j.1466-822X.2001.00256.x
https://doi.org/10.1046/j.1466-822X.2001.00256.x
https://doi.org/10.1046/j.1466-822X.2001.00256.x
https://doi.org/10.1046/j.1466-822X.2001.00175.x
https://doi.org/10.5194/bg-7-1991-2010
https://bg.copernicus.org/articles/7/1991/2010/
https://doi.org/10.1002/2015MS000576
https://doi.org/10.1016/0168-1923(85)90020-6
https://doi.org/10.2737/rmrs-rp-40
https://doi.org/10.1016/0006-3207(92)90659-b
https://doi.org/10.1016/j.ecolmodel.2008.02.032
https://doi.org/10.2307/1935007
http://doi.wiley.com/10.2307/1935007
https://doi.org/10.1016/S0034-4257(03)00004-X
https://doi.org/10.1111/gcb.12903
https://doi.org/10.1029/2018MS001368
https://agupubs.onlinelibrary.wiley.com/doi/abs/10.1029/2018MS001368

	response_to_editors_comments.pdf (p.1-2)
	response_to_comments_reviwer1_pdf.pdf (p.3-7)
	response_to_comments_reviewer_2_pdf.pdf (p.8-13)
	track_changed_edited_version.pdf (p.14-41)

