Dear Reviewer,

Thank you very much for your great efforts, comments and suggestion! According to your
comments and suggestion, we revised the manuscript carefully and thoroughly. Please see,
below, our point-to-point response.

Please do not hesitate to let us know if you have additional questions and/or comments.

Sincerely,
Xiaolu Tang, on behalf of all co-authors

Reviewer

#1

Tang et al. investigate the global variation in carbon use efficiency (CUE), a carbon cycle
property that is determined by the ratio of net to gross primary production (NPP/GPP), and thus
essentially by autotrophic respiration. Based on a collection of in-situ NPP and GPP
measurements and climate, vegetation and soil variables, they apply a machine learning
algorithm (random forest) to derive a spatial CUE map. Subsequently, spatial gradients in this
map are presented and compared to CUE simulated by dynamic global vegetation models.
Estimating vegetation CUE at the global scale is definitely urgently required to better
understand and predict climate-carbon cycle feedbacks. Currently, observation based spatial
estimates of CUE are lacking, mainly due to difficulties in measuring NPP even at local scales.
Unfortunately, the methods underlying the work presented here involve several important
shortcomings and it is thus hardly possible to draw robust conclusions. A list of the most
important issues is presented below. Apart from methodological shortcomings, also phrasing
and English grammar are on a very poor level throughout the manuscript. To my mind, in its
current form this study is not meeting the criteria for publication in Biogeosciences.
Answer: we have addressed all the methodological issues that you pointed out in our revised
manuscript (see below), and have thoroughly and carefully improved phrasing and grammar
according.

Major issues
1. The compiled database of in-situ NPP and GPP measurements is presented nowhere in the
manuscript. Which are the additional studies other than Luyssaert et al. (2007) and Campioli et
al. (2015) that are included? They should be listed in a table and properly referenced in the
main text. It is thus also not evident which time span is covered by the measurements, and if
temporal changes in climate or other conditions may have an effect on the compiled
measurements that is neglected in this study. Moreover, is this database substantially different
from or similar to the CUE data presented in Collalti and Prentice (2019,
https://doi.org/10.1093/treephys/tpz034)?
Answer: thank you for your suggestion! Additional sites with measurement years were included
in the original dataset in the Figshare: https://doi.org/10.6084/m9.figshare.8157932.v1, which
is publicly available.
Our data is different from Collalti and Prentice (2019) because they included CUE observations
from several studies, e.g. (Campioli et al. 2015, Luyssaert et al. 2007). Besides including
observations from Luyssaert et al. (2007) and Campioli et al. (2015), our study added many
more observational studies directly from publications until February 2017, which provided a
wider CUE and coverage. In addition, to our knowledge, we ran the first attempt of a plausibility
check with the potential maximum CUE of 0.84.
2. The spatial representativeness of measurements included in this study is insufficient (see
Figure 1). The complete lack of measurements in e.g. Africa and Russia can potentially lead to
biases in CUE, and does not allow to robustly model global relationships between CUE, climate,
vegetation, soil and management variables, since the variance and interaction of these variables
cannot be covered sufficiently. It does not allow for a detailed representation of major biomes,
for instance not for a division into tropical/temperate/boreal biomes. Only 5 measurements for
tundra are not significant. It is also not clear how the division of the so-called “ecosystems”
that are distinguished here (Forest, Grassland, Wetland, Cropland, Tundra), which are rather
biomes, is implemented. For instance, how are wetlands defined?
Answer: Uneven data distribution has been a known issue in many ecological studies across the

world. We addressed this comment in the “limitations and uncertainties” section in the revised
manuscript:
“Although data-derived global CUE could serve as a benchmark for global carbon cycling
modelling, and this study had filled the data-gaps of data-derived CUE, limitations and
uncertainties still remained in few aspects. First, uneven coverage of field CUE observations
would be a source of uncertainty (Fig. 1). There was a lack of field CUE observations in Africa,
Australia and Russia, but our dataset had a wide range of CUE, covering major land covers and
biomes. Including more field observations in Africa, Australia and Russia would increase our
capability to assess the spatial and temporal patterns of CUE in these areas. Second, there was
a scale mismatch and would be a great challenge for spatial modelling, which was well justified
by the site-year level predictions (Fig. S6a and c). Using a finer resolution spatial data is one
possible solution to overcome this limitation. On the other hand, the study sites were globally
distributed and there was a large climatic and edaphic gradient covering the major land covers
and biomes, which should reflect a larger variability than the site-to-grid mismatch. Third, the
gap-filling of the missing NPP component could be another error source, although this approach
has been successfully applied in forest CUE in previous studies (Campioli et al., 2015; Vicca
et al., 2012). However, this error source might be very small (7%, Fig. S2) according to our
analysis.”
We did not assess CUE for each individual biome due to limited number of observations. Then
we defined five ecosystem types: Forest, Grassland, Wetland, Cropland and Tundra.
Being a wetland a distinct ecosystem that is inundated by water, either permanently or
seasonally, where oxygen-free processes prevail. This information could be always observed
from the publications from which we gathered information.
3. It is extremely difficult to measure all NPP components in the field. NPP can hardly be
estimated “directly” or in a very “robust” way (as stated in Line 69-70). What about root NPP,
herbivory, carbon allocated to reproductive parts, root exudates or VOC emissions? These can
make up quite substantial percentages, depending on the ecosystem. It must be shown that NPP
measurements used in this study account for all relevant NPP components and are comparable.

See for instance Luyssaert et al. (2007, https://doi.org/10.1111/j.1365-2486.2007.01439.x) or
Clark et al. (2001, https://doi.org/10.1890/1051-0761(2001)011[0356:MNPPIF]2.0.CO;2) for
detailed discussions of this issue.
Answer: root NPP, herbivory, carbon allocated to reproductive parts and root exudates are
indeed important components of NPP. We followed approaches reported in the literature to
perform a gap-filling of missing NPP components, such as understory and herb NPP, according
to the procedure of Vicca et al. (2012) and Campioli et al. (2015). After the gap-filling, CUE
has increased by 7% (Fig. S2). Which has been described in original manuscript.
4. It is completely unclear how the measurements of CUE can be related to the independent
variables used for spatial modelling. There must be an important scale mismatch that cannot be
neglected (this is also indicated in the last sentence of the main text, Line 380). While NPP and
GPP can only be measured for small areas (there is not even a hint on the spatial scale of
measurements anywhere in the manuscript), the climate, vegetation (satellite products) and soil
variables are certainly measured at a resolution of 50 km or even coarser (the spatial resolution
of these variables is also not stated in Table S1). How do you account for this scale mismatch?
Answer: to address this scale match, all the variable used in the manuscript featured the same
0.5-degree resolution. Using spatial data of a finer resolution would increase the precision of
our model estimates, e.g. vegetation index. However, finer resolution spatial data are mostly
not available for climate variables at global scales. Although Worldclim (reference) provides
mean temperature and precipitation at 1-km resolution, the lack of annual variability and limited
temporal coverage of 1970-2000 have limited its application in our study.
We address this mismatch as a separate section: “3.5 Limitations and uncertainties:
“Although data-derived global CUE could serve as a benchmark for global carbon modelling,
and this study had filled the data-gaps of data-derived CUE, limitations and uncertainties still
remain. First, uneven coverage of field CUE observations is a source of uncertainty (Fig. 1).
For example, there is a lack of field CUE observations in Africa, Australia and Russia.
Nonetheless, the dataset encompasses a wide range of CUE, and covers major land cover types
and biomes. Including more field observations in Africa, Australia and Russia would increase

our capability to assess the spatial patterns of CUE in these areas. Second, there is a mismatch
of scale between observation and gridded climate and model simulations. Even though we
addressed this by site-year level predictions (Fig. S6a and c), a comprehensive consideration of
the effect of scale mismatch still remains a significant challenge. Using a finer resolution spatial
data is one possible solution to overcome this limitation. On the other hand, the study sites were
globally distributed and there was a large climatic and edaphic gradient covering the major land
covers and biomes, which should reflect a larger variability than the site-to-grid mismatch”.
The climate, vegetation and soil variables must be measured at the same location (and time) as
the NPP and GPP measurements to allow establishing relationships and their subsequent
upscaling. Moreover, why has this set of variables been selected (Table S1)? Why not including
GPP or biomass estimates (according to the theory that Ra may be proportional to GPP or
biomass)? Why are differences between species not taken into account? Because of the above
reasons, it is not surprising that only 49% of the variance in CUE can be explained by the 6
most important variables, which is not even the majority of the variance (Line 187). The scale
mismatch between the other independent variables and CUE measurements may also contribute
to the finding that ecosystem type is the by far most important independent variable (Line 244,
Fig. S5).
Answer: according to the definition, CUE = NPP/GPP, thus GPP and NPP are not independent
of CUE. We extracted climate variables for each given year corresponding to NPP or GPP
measurements. Regarding species differences, we used ecosystem types instead, given that
there is no global species abundance data set and existing global models are only capable of
differentiating plant functional types, or ecosystem types, but not species. On the other hand,
we included GIMMS NDVI and LAI as indicators of GPP (Table S1), after a variable selection
procedure, NDVI and LAI were excluded due to being less important than other variables, such
as temperature.
5. It is not apparent how this work leads to new insights regarding the understanding of
processes shaping CUE, which would also be very relevant for a better representation of CUE
in process-based models. The presented approach is designed to derive a global CUE map based
on a machine learning approach (random forest), but does not analyse processes leading to

differences in observed CUE.
Answer: although many process-model outputs have been proposed for evaluation, e.g. GPP,
NPP, litter, soil heterotrophic respiration, limited effort has been placed in functional
diagnostics, such as the CUE, which allows elaborating further limitations in simulating
vegetation carbon stocks, or turnover times of carbon, for instance. Diagnosing different model
outputs with field observations or measurements is a critical process to improve the model
accuracy. Therefore, this study improves previous compilations of observation-based NPP and
CUE records and associates them with climatic, soil and vegetation variables. Ultimately, these
data may serve as an independent CUE to diagnose process-model-based CUE. Moreover,
despite a globally robust metric (table 1), CUE shows a rather large latitudinal gradient across
models (Figure 4) as the model approximates the upscaled estimates. New insights regarding
processes shaping the patterns of CUE can be gained from developing and testing modeling
hypotheses and evaluating them against these data.
Specific comments
What are the main conclusions of this study? This is not evident from the abstract. E.g. Line
42: More precise main results (values of CUE) required
Answer: main conclusions include: (1) CUE varied with ecosystem types; (2) CUE varied
spatially with the lowest CUE in tropics, and the highest CUE in higher latitude regions; (3)
both modelled CUE and TRENDY models challenged the constant CUE (0.5).
More numerical figures were added to main results:
“CUE varied with ecosystem types, being the highest in wetlands (0.607 ± 0.133) and lowest
in grassland (0.457 ±0.109) with mean CUE of 0.488 ±0.136”.
Line 42-43: CUE actually increases with latitude
Answer: done throughout the text!
Line 55-57: “Gross primary production (GPP), net primary production (NPP) and autotrophic
respiration (Ra) are the most important and highly related components to carbon cycling.” What
do you mean here? Are turnover, decomposition and heterotrophic respiration less important?

Answer: we apologize for the improper statement. Carbon turnover, decomposition and
heterotrophic respiration are also important components of carbon cycling. We revised the
expression:
“Gross primary production (GPP), net primary production (NPP) and autotrophic respiration
(Ra) are important and highly-related components to carbon cycling”.
Line 96-98: “Previous studies, based on individual observations or process-based model
estimates, indicate that site fertility and management are important drivers of CUE by
increasing resource availability for plants (Vicca et al., 2012; Campioli et al., 2015).” The
studies referred to here did not use any process-based model estimates.
Answer: thank you for your careful revision. We removed the words “or process-based model
estimates”.
Line 66-68: Bradford and Crowther (2013) did certainly not invent the term “CUE”. Other
literature has to be cited here.
Answer: done! DeLucia et al., 2007 was cited.
Line 69-70: I totally disagree here (see major issue 3).
Answer: we revised as follows:
“Generally, NPP is calculated as the change in ecosystem biomass over the sampling period
with appropriate losses, e.g. litterfall, herbivory and other losses (Roxburgh et al., 2005)”
Line 72-73: How is Ra measured then? I also wonder why you do not mention the possibility
to measure GPP by eddy covariance and flux partitioning methods.
Answer: Ra could can be measured by all respiration components (Ryan et al., 1997).

The

statement:
“where Ra could be summed after measuring respiration components (Ryan et al., 1997). Or GPP
can be measured by eddy covariance and flux partitioning methods (Reichstein et al., 2005)”

Line 80: What is geographic allocation?

Answer: sorry for the mistyping! We meant “geographic location”.
Line 81-84: If this shall be an example calculation, what exactly is the effect of 20% error in
CUE on the carbon cycle (value!)?
Answer: we thought the original argument is not strong enough, therefore, we remove this
sentence.
Line 85-86: Please explain in more detail the GPP and NPP available from MODIS or DGVMs,
including more appropriate references.
Answer: done.
“MODIS provides a quantitative and dynamic measurement of spatial and temporal GPP of
vegetation based on a core algorithm of light use efficiency model, which requires daily inputs
of incoming photosynthetically active radiation and climatic variables (Zhao and Running,
2010). On the other hand, GPP derived from DGVMs were process-based, which forced by a
common set of input data sets and experimental protocol (Sitch et al., 2015)”.
Line 90: TRENDY needs to be explained (and requires a reference).
Answer: we added such information in method section on “TRENDY models”!
“These models are driven by varying climate and atmospheric CO2 concentration sharing a
common set of input data sets and experimental protocols (Sitch et al., 2015).”
Line 109: Why are only studies until February 2017 included? 2 years have passed since then
already.
Answer: after finishing the data analysis, we developed a draft text in September 2017, which
was then further advanced by interactions and ample discussions with co-authors. Finally, we
submitted early in 2019 after collecting all co-authors’ comments and suggestion. However, our
dataset until February 2017 covered a wide range of land covers and major biomes.
Line 137-139: This is a result and does not fit in the methods section.
Answer: this part removed to results section and restructured accordingly.

Fig. 2: Please double-check your ANOVA results. For instance, why is the observed CUE in
Tundra grouped into AB (what does AB mean actually?), while the observed CUE in Cropland
and Wetland is grouped into B despite very similar mean values. Or: Why is the observed and
modelled CUE in Wetland not significantly different despite much larger differences than
between observed and modelled CUE in Forest, which in turn shall be significantly different?
These results seem questionable.
Answer: we double-checked ANOVA analysis and confirmed that the reported results were
correct (see results below analyzed in R).
Results of observed CUE

ANOVA analysis of observed and modelled CUE

The capital letters (A and B) on error bars of observed and modelled mean CUE indicate

significant differences among five ecosystem types for observed and TRENDY model mean
CUE, respectively, using one-way analysis of variance (ANOVA) at p < 0.05; while the
different lowercase letters (a and b) stand for the significant difference between observed and
modelled CUE for each of the five ecosystem types. The red horizontal line indicates constant
CUE (0.5).
Line 227-234: Which selection criteria have been applied by Campioli et al. (2015)?
Answer: (1) GPP from eddy covariance or processed models were included from Campioli et
al. (2015); (2) NPP was obtained from harvest or biometric methods and process-based models;
(3) multi-year measurements within one site were averaged. While in our study, we only
included GPP and NPP values from measurements and did not include these values from
process models; multi-year measurement of GPP or NPP were taken as independent
observations. See supplementary “Criteria of selecting publications”.
Line 248-249: Where do you show MODIS based CUE and how does this relate to Ryan et al.
(1994)?
Answer: sorry, a missing reference was added (Zhang et al., 2014).
“The latitudinal pattern was consistent with MODIS-based CUE (Zhang et al., 2014), which
can be explained by the changes of temperature and CUE sensitivity to temperature (Ryan et
al., 1994).”
Line 250-256: It is not clear which temperature range is covered by the CUE measurements in
your data set. In addition, another main limitation of this study is that you only account for the
relation between CUE and temperature for annual mean conditions, but not the response of
CUE to temperature variation during the course of the year.
Answer: MAT ranged from -13 to 28 oC in our dataset; however, MAT during summer would
be higher than 28 oC. Although our dataset did not account for temperature variation during the
year, we included diurnal temperature range as a climatic driver to model CUE (Table S1),
which could reflect the temperature variation during the course of the year to some degree.
Line 272: Not only different definitions of PFTs are responsible for differences in CUE

simulated by TRENDY models.
Answer: yes, different algorithms and parameterizations would be other important differences
in CUE.
“However, due to the differences in the definitions of different plant functional types, process
representations and parameterizations used in TRENDY models”
Line 280: Again, how do you account for the mismatch in spatial scale between observed and
modelled CUE?
Answer: as we mentioned above, we have to admit that the mismatch is a potential limitation
for spatial modelling of CUE.

Line 333: What is Jung’s GPP? This needs to be introduced in detail.
Answer: Jung’s GPP is an upscaling model product from eddy covariance towers with a half
degree resolution using Model Tree Ensemble. Therefore, we used a new term – MTE GPP. We
modified the text as follows:
“such as Model Tree Ensemble (MTE) GPP (an upscaling GPP product from eddy covariance
towers with a half degree resolution, Jung et al., 2017)”.
Line 338-339: Where do you show this, and what exactly do you mean by “prediction accuracy
of global C cycling”?
Answer: sorry to the mistake! We simply meant NPP.
“Second, this study shows that using variable CUE improves prediction accuracy of NPP for
different ecosystem types”.
Line 339-340: “thus using a constant CUE derived NPP may lead anthropogenic bias for NPP
estimate.” Impossible to understand this sentence.
Answer: thank you for careful revision. We meant a bias of NPP estimate.
“The results indicated that CUE varied spatially (Fig. 3), which may lead to a bias in NPP if a

constant CUE is used.”
Line 345: “Third, our NPP estimate indicates the improvement of MODIS algorithms.” How
do you indicate the improvement of MODIS algorithms?
Answer: We removed this section.
Line 350: How exactly can representations or parameterizations of processes in models be
improved by your work? As far as I can see, you try to derive spatial patterns in CUE, but this
work does not allow drawing conclusions on the underlying processes (see major issue 5).
Answer: although many outputs of most process-models have been proposed, e.g. GPP, NPP,
litter, soil heterotrophic respiration, and most process-models validated the model output by
only GPP or NPP, most of other outputs were not validated. Diagnosing different model outputs
with field observations or measurements is a critical process to improve the model accuracy.
Actually, when selecting the drivers for modelling CUE, only variables having physical
correlation to CUE were selected, and vice versa. Therefore, these selected variables could
reveal the underlying process of CUE. For example, we found a decreasing trend of CUE with
the increasing temperature globally. Thereby, this study developed an observation-based
modelled CUE with climatic, soil and vegetation variables, which could serve as an
independent CUE to diagnose process-model based CUE, and lead to new insights regarding
the understanding of CUE.
Line 357: “our global CUE map facilitated ground-truthing NPP estimation”. I do not
understand what ground truthing and your global CUE map have in common.
Answer: we removed “ground-truthing”, and rephrased as follows:
“Last, our global CUE map facilitated NPP estimation, thus providing a viable alternative to
existing MODIS and TRENDY estimates of global biosphere carbon fixation rates”.
Line 360: It is extremely bold to refer to your NPP estimate as “the actual value”.
Answer: thank you for your careful revision. We used “observation value” instead.
Line 365: As mentioned above (major issue 4), a valid upscaling of relationships between CUE

and climate etc. is not achieved by this study either.
Answer: as we answered in major issue 4, the mismatch of the footprint and environmental
variables is a big challenge for spatial modelling, not only in this study, but many other global
modellings, e.g. (Hashimoto et al., 2015; Jung et al., 2011; Tramontana et al., 2016). Using a
finer resolution spatial data is one possible solution, e.g. vegetation index. However, finer
resolution spatial data, e.g. 10 km, is not available for climate variables at global scales. On the
other hand, the study sites were globally distributed and there was a large climatic and edaphic
gradient covering the major land covers and biomes, which should reflect a larger variability
than the site-to-grid mismatch.
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https://oc.bgcjena.mpg.de/index.php/s/1bUKt3a2cy2Fkb0
Answer: sorry! Since I have already left Max-Planck-Institute for Biogeochemistry, the cloud
folder was no longer accessible. The replaced the broken link with the following link
(https://doi.org/10.6084/m9.figshare.8157932.v1) works fine.
Table S1: What does “Publications” mean? Which ones?
Answer: we meant literature reports from which we collected CUE values. See Table S1.
Fig. S12/S13: The chosen colour scale makes it hard to see the spatial differences.
Answer: the colors were changed.
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