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6.6 Advantage of Using Water Vapor Isotopologues in Addition to Humidity

Previous work has argued water vapor isotopologues do not provide additional
constraints on atmospheric processes that are already possible using humidity
measurements alone. Duan et al. (2018) used a single column model to show free
tropospheric 6D 1is insensitive to convective parameters and variations in 6D are
comparable or smaller than uncertainty to conclude 8D is unlikely to provide information
about cloud forming processes that cannot be learned exclusively from RH. Although their
work highlights the importance of considering the crossroads of water vapor isotopologue
sensitivities and uncertainties in climate models, the study design uses highly uncertain
convective parameters to estimate changes in water vapor isotopologues that already have
high uncertainties due to combining remote sensing uncertainties with model assumption
uncertainties (the study did not considering a dynamic temperature-dependent equilibrium
fractionation factor and did not allow changes in the MBL water vapor isotopologue

composition), so their conclusion is not surprising.

RH has been given particularly high importance in climate modeling studies to
better understand changes to the water cycle under future warming climate conditions,
specifically with regards to cloud feedback (Sherwood et al., 2010; Rieck et al., 2012;
Sherwood et al., 2014; Duan et al., 2018). We consider if there is a quantitative relation
between isotope-derived LFT mixing and RHS to explore if the dependent variable RHS
can be used to approximate the independent variable LFT mixing. Note that we use RHS
rather than RH in this consideration, because the MBL Mix inverse model outputs RHS
rather than RH, so RH 1is considered as a function of SST rather than ambient air

temperature. Figure 5.9 illustrates this relation. While there is a general correlation among
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the entire dataset (R? is 0.68), MAM and DJF have the highest correlation between the two
variables (R? of 0.87 and 0.82, respectively) and fall along similar curves, while JJA and
SON have a slightly lower correlation (R? of 0.67 and 0.72, respectively) and fall along
similar curves. We point out that it is interesting the correlation is lowest for JJA, the season
with the highest occurrence of low-clouds and most similar atmospheric conditions to the

subtropics, where low-cloud feedback is of exceptional interest in climate models.

The relation between isotope-derived LFT mixing and RHS does not appear to be
linear, particularly at higher LFT mixing values and lower RHS values, so we fit the entire
dataset as well as each individual season with a 2" degree polynomial to explore if RHS
can be used to estimate LFT Mixing (Table 5.5). If an RHS of 90% is used to estimate
LFT mixing, MAM and DIJF predict an LFT mixing of approximately 0.48 and 0.45,
respectively, while both JJA and SON predict an LFT mixing of approximately 0.37. If an
RHS of 60% is used to estimate LFT mixing, MAM and DJF predict an LFT mixing of
approximately 0.75 and 0.73, respectively, while JJA and SON predict an LFT mixing of
approximately 0.63 and 0.62, respectively. When using the entire dataset to predict LFT
mixing, a higher RHS predicts values closer to those estimated by JJA and SON (0.38 LFT
mixing for 90% RHS) and a lower RHS predicts values closer to those estimated by MAM
and DJF (0.71 LFT mixing for 60% RHS). Although there is certainly a strong relation
between LFT mixing and RHS, Figure 5.9 and Table 5.5 support this quantitative relation
to be dynamic between seasons in the Azores, meaning RHS alone is not a consistent

predictor of a unique LFT mixing value.

A possible argument from those who do not support the use of water vapor

isotopologues in atmospheric studies against the above described relation between LFT
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mixing and RHS is that all values used to explore this quantitative relation are isotope-
derived (RHS and LFT mixing are both MBL Mix inverse model output) and that we use
RHS instead of RH. We address this concern with the following observation and
discussion. If we were to approach estimating seasonal trends of LFT mixing in the Azores
without isotopes and instead based on changes in observed RH from the DOE ARM met
station, we would conclude mixing, and thus low-cloud occurrence, is the same between
JJA (RH mean is 76% and standard deviation is 10.8%) and DJF (RH mean is 78% and
standard deviation is 10.7%) because the distribution of observed RH is essentially the
same. Based on observations from Rémillard et al. (2012), this trend in the RH and low-
cloud relation does not match observations, where the season with the highest occurrence
of low-clouds is JJA and the lowest occurrence of low-clouds is DJF. The isotope-derived
LFT mixing estimates provide us with a more integrated story. Water vapor isotopologues
record environmental factors not always as sensitively recorded by RH that influence low-
clouds (for example, inversion strength). This allows them to provide LFT mixing
estimates that are consistent with the relation between large- and small-scale mixing and
low-cloud feedback that has been shown to be the greatest source of uncertainty in climate

modeling (Sherwood et al. 2014).

The results of our study using the MBL Mix inverse model support an added value
from combining humidity measurements with water vapor isotopologues. In contrast to
Duan et al. (2018), by using in situ measurements of humidity and water vapor
isotopologues that have a significantly lower uncertainty than those collected via remote
sensing, we are able to provide a more constrained LFT mixing estimate. The MBL Mix

inverse model has particular added value because it allows us to consider not only the
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quantity of water vapor in the air, but also the sources of that water vapor. By using a
measurement that is sensitive to a wide variety of processes that may influence mixing,
relative humidity, and cloudiness, such as changes in SST, inversion strength, and MBL
height, further studying water vapor isotopologues can potentially clarify ambiguous
results from previous work that has failed to determine the sign and extent of low-cloud

feedback.

This study does not advocate that water vapor isotopologues are an immediate
solution for low-cloud feedback in climate models. Stable isotope measurements of water
vapor are sensitive recorders of many processes in the atmospheric hydrologic cycle and
quantitatively constraining each of those processes is very difficult (Risi et al. 2019).
However, this study has demonstrated a quantitative relation between water vapor
isotopologues and LFT mixing that is not recorded by humidity measurements alone and
should be further explored as a potential measurement tool to improve understanding of
the quantitative relation between isotope-derived mixing and low-cloud feedback. This can
be done by applying isotope-derived mixing values from in situ measurements to isotope-
enabled single column models. By doing so, the sensitivity of GCMs to different
parameterizations of low-cloud feedback can be tested and results will provide a quality
check on the methods used to represent low-cloud feedback in climate models, thereby

informing improved simulation.
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7. Conclusions

In this study, we present a new dataset that includes one year of humidity and water
vapor isotopologue measurements recorded at the DOE ARM facility on Graciosa Island,
Azores. These observations are compared to data collected at tropical and subtropical
regions in the Atlantic and Indian Oceans to show that the Azores observations have higher
variability in d-excess than the other locations as well as equal or higher variability in &
values than the other locations except for the Indian Ocean. Observations from the Azores
are also compared to three models, including the closure assumption, a simple mixing
model (Gedzelman, 1988), and a mixing model that accounts for a dynamic evaporative
flux (MBL Mix; Benetti et al. 2018), to show mixing from the LFT and a dynamic

evaporative flux are required to consistently match observed MBL 6 values.

The primary goal of this study was to explore the ability of water vapor
isotopologues to record LFT mixing, due to its important implications on low-cloud
feedback and its associated uncertainty in climate models. We do this by using the MBL
Mix forward model to build an inverse model (MBL Mix inverse model) capable of using
isotope and humidity observations from the MBL to estimate LFT mixing. Many studies
are limited by their inability to measure the LFT directly, and this study shows that this
limitation can be overcome by using a Rayleigh model of isotopic depletion to represent
LFT characteristics. We use observations from the Azores with the MBL Mix inverse
model to estimate seasonal-scale LFT mixing average and variability for MAM 2018, JJA

2018, SON 2018, and DJF 2018 to 2019.
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The results of this study show synthetic data generated by the MBL Mix inverse
model can reproduce observed isotope and humidity trends in the Azores. Under the current
inverse model setup, LFT mixing is generally required to be greater than 0.3 to match
observed trends. When we compare LFT mixing estimates to previous work completed in
the Azores by Rémillard et al. (2012), we find LFT mixing is calculated to be lowest
(highest) during the seasons that historically are recorded with the highest (lowest) low-
cloud occurrence. Although this study does not quantify the extent to which changes in
isotope-derived LFT mixing correspond to changes in low-cloud occurrence, we show
water vapor isotopologues have successfully estimated trends in LFT mixing associated
with expected changes in low-cloud cover (where more mixing leads to less low-cloud
cover, as demonstrated by Sherwood et al., 2014) and provide an inverse modeling tool by
which future work can investigate the quantitative relation. We show isotope-derived RHS
and LFT mixing are clearly related, but this relation is not consistent between all seasons
and leads to a broad range of LFT mixing estimates for a given RHS. Additionally, trends
in the distribution of seasonal observations of RH in the Azores do not indicate the same
trends in LFT mixing, and that these trends would predict LFT mixing that is inconsistent
with observations of low-cloud cover. This study concludes water vapor isotopologues
provide unique information about the mixing processes that will determine future low-
cloud feedback, and that this information cannot be gained with humidity measurements
alone in this study setting. Water vapor isotopologue measurements should therefore be
further pursued as a potential method to improve our understanding of LFT mixing and

low-cloud cover. By doing so, they may provide useful knowledge regarding low-cloud
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feedback that leads to more realistic climate model simulations and more constrained

estimates of likely future temperature conditions.
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Appendix:

Table A.1 documents the parameters of the MBL Mix inverse model. This includes
variables directly optimized by the MBL Mix inverse model’s genetic algorithm, variables
indirectly optimized within the inverse model, or variables used within the model that were
generated using observational data for each season. Parameters directly optimized by the
inverse model’s genetic algorithm are those that the genetic algorithm continually adjusts
within an upper and lower bound to solve for an optimal solution capable of reproducing
observed trends. This includes beta distribution used to generate values for initial 6D and
580 values used for Rayleigh fractionation, lifting condensation level used to begin
Rayleigh fractionation, LFT specific humidity, 8D and §'*0 of the ocean surface, and LFT
mixing. Parameters of the MBL Mix inverse model that were indirectly optimized by the
genetic algorithm include LFT 8D and §'®0 as well as MBL specific humidity, 8D, and
5'%0. Indirectly optimized by the genetic algorithm means these variables were calculated
through their numerical relation to the other parameters that were directly optimized.
Evaporative flux saturation specific humidity was not optimized directly or indirectly, but
rather calculated by using observational data of surface pressure and NOAA SST

measurements. Parameters are illustrated in Figures A.1 through A.12.



Table A.1: MBL Inverse Model Parameters of Interest

Rayleigh Fractionation Parameters

Initial 6D for Rayleigh Initial 6180 for Rayleigh | Lifting Condensation Level
Time Period Fractionation (%o) Fractionation (%o) (hPa)
o B Mean o B Mean o B Mean
MAM (2018) 8.83 1.04 -75.1 31.78 10.99 -12.33 4.22 15.03 798.6
JJA (2018) 6.72 1.70 -85.1 25.17 11.49 -13.26 1.06 33.93 757.0
SON (2018) 4.45 0.42 -72.8 24.47 11.82 -13.59 0.73 23.15 757.8
DJF (2018 - 2019)| 1.98 0.54 -86.3 27.95 19.00 -14.9 14.08 32.95 819.9
Dry End-Member Parameters
, ] LFT Specific Humidity LFT 3D (%9 LFT 5180 (%9
Time Period (g/kg)
a B Mean a B Mean a B Mean
MAM (2018) 16.55 15.50 5.3 - - -103.4 - - -15.57
JJA (2018) 0.68 19.83 5.9 - - -133.3 - - -18.92
SON (2018) 7.22 24.29 5.6 - - -109.8 - - -17.83
DJF (2018 - 2019)| 8.52 8.18 5.6 - - -117.1 - - -18.45

Moist End-Member Parameters

Time Period

Evaporative Flux Saturation
Specific Humidity (g/kg)

Ocean Surface 6D (%0)

Ocean Surface 6180 (%o)

a B Mean o B Mean a B Mean
MAM (2018) - - 12.0 11.24 14.86 4.3 2.08 30.52 0.14
JJA (2018) - - 16.8 8.09 10.89 4.2 1.84 34.64 0.10
SON (2018) - - 15.8 3.84 10.55 2.7 0.37 38.56 0.02
DJF (2018 - 2019) - - 11.8 4.35 21.11 1.7 0.07 30.27 0.01
MBL Parameters

MBL Specific Humidity

MBL 8D (%9)

MBL 3180 (%

Time Period (g/kg)
a B Mean a B Mean a B Mean
MAM (2018) - - 8.0 - - -89.9 - - -13.3
JJA (2018) - - 12.8 - - -84.2 - - -12.20
SON (2018) - - 11.2 - - -84.7 - - -12.84
DJF (2018 - 2019) - - 8.1 - - -94.6 - - -14.18
MBL Mix Inverse Model Mixing Parameter
. A LFT Mixing (fraction of mixing)
Time Period
a B Mean
MAM (2018) 0.89 1.05 0.70
JJA (2018) 1.91 8.21 0.47
SON (2018) 0.98 2.74 0.53
DJF (2018 - 2019) 1.51 2.37 0.65

Table A.1: Parameters of interest from the MBL Mix inverse model for each season are reported, which include
parameters related to Rayleigh fractionation, the model dry end-member and moist end-member, the MBL, and
LFT mixing. For each parameter, the inverse model solved alpha and beta parameters for the beta distributions are
reported with the mean of their distributions.
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Figure A.1: Box plots of MBL Mix Inverse Model solved Initial 6D (%o) used for Rayleigh Fractionation
for MAM, JJA, SON, and DJF. The red line represents the median, the bottom of the box represents the 25t
percentile, the top of the box represents the 75% percentile, the whiskers extend to the most extreme values,
and red + symbols represent values considered outliers.
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Figure A.2: Box plots of MBL Mix Inverse Model solved Initial 6180 (%o) used for Rayleigh Fractionation
for MAM, JJA, SON, and DIF. The red line represents the median, the bottom of the box represents the 25t
percentile, the top of the box represents the 75% percentile, the whiskers extend to the most extreme values,
and red + symbols represent values considered outliers.
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Figure A.4: Box plots of MBL Mix Inverse Model solved LFT Specific Humidity (g/kg) for MAM, JJA,
SON, and DJF. The red line represents the median, the bottom of the box represents the 25% percentile, the
top of the box represents the 75" percentile, the whiskers extend to the most extreme values, and red +

symbols represent values considered outliers.
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Figure A.5: Box plots of MBL Mix Inverse Model solved LFT 6D (%o) for MAM, JTA, SON, and DJF. The
red line represents the median, the bottom of the box represents the 25% percentile, the top of the box
represents the 75% percentile, the whiskers extend to the most extreme values, and red + symbols represent
values considered outliers.
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Figure A.6: Box plots of MBL Mix Inverse Model solved LFT 6180 (%o) for MAM, JJA, SON, and DIJF.
The red line represents the median, the bottom of the box represents the 25% percentile, the top of the box
represents the 75 percentile, the whiskers extend to the most extreme values, and red + symbols represent
values considered outliers.
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Figure A.7: Box plots of evaporative flux saturation specific humidity (g’kg) used in MBL Mix Inverse
Model calculated using seasonal SST and surface pressure for MAM, JJA, SON, and DJF. The red line
represents the median, the bottom of the box represents the 25% percentile, the top of the box represents the
75% percentile, the whiskers extend to the most extreme values, and red + symbols represent values
considered outliers.
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Figure A.8: Box plots of MBL Mix Inverse Model solved ocean surface 6D (%o) for MAM, JTA, SON, and
DIJF. The red line represents the median, the bottom of the box represents the 25% percentile, the top of the
box represents the 75% percentile, the whiskers extend to the most extreme values, and red + symbols
represent values considered outliers.
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Figure A.9: Box plots of MBL Mix Inverse Model solved ocean surface 6180 (%o) for MAM, JJA, SON,
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Figure A.10: Box plots of MBL Mix Inverse Model solved MBL Specific Humidity (g/kg) for MAM, JJA,
SON, and DJF. The red line represents the median, the bottom of the box represents the 25% percentile, the
top of the box represents the 75% percentile, the whiskers extend to the most extreme values, and red +
symbols represent values considered outliers.
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Figure A.11: Box plots of MBL Mix Inverse Model solved MBL 6D (%o) for MAM, JJA, SON, and DJF.
The red line represents the median, the bottom of the box represents the 25% percentile, the top of the box
represents the 75% percentile, the whiskers extend to the most extreme values, and red + symbols represent
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Figure A.12: Box plots of MBL Mix Inverse Model solved MBL 6180 (%o) for MAM, JJA, SON, and DJF.
The red line represents the median, the bottom of the box represents the 25% percentile, the top of the box
represents the 75% percentile, the whiskers extend to the most extreme values, and red + symbols represent

values considered outliers.
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