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The Usefulness of Stable Water Isotopes in Improving Drought Prediction
Logan Adams
ABSTRACT

Drought represents an import part of natural hydrologic cycles that govern the rate
and transportation of water on global and regional scales. (Trenberth, et al. 2015)
Agriculturally, drought represents a threat to crop production and can endanger
political and economic stability through the loss of resources and the threat of famine.
(Sternberg, 2012) Ecosystem observations also indicate drought has a significant
impact on biodiversity and productivity both of large-scale fauna and microbial
communities. (Eisenhauer, et al., 2011) As the impacts of global climate change
include an increased rate and severity of drought the need to gain a better
understanding of drought mechanisms and patterns have also increased. This paper
utilizes data from the National Center for Atmospheric Research’s (NCAR) self-
calibrated Palmer Drought Severity Index (scPDSI), the University of Utah’s
waterisotopes.org, and NASA’s Tropospheric Emission Spectrometer (TES) to
investigate the impact of adding stable water isotopes to drought prediction models.
Model accuracy is reported as the root-mean-squared-error (RMSE), and the impact
of stable water isotopes are reported as percent improvement. The analysis included
linear, support-vector, ridge, and least absolute shrinkage and selection operator
regression across multiple years in three distinct hydrologic regimes: atmospheric
water vapor, precipitation, and surface water (lakes, rivers, and streams). Stable water
isotopes were shown to be useful at improving drought prediction, especially at a time
lag of +1 month, and when the isotopes were collected from surface water. The level
of improvement varied greatly, with some models showing that it actually made it
worse, but overall indicated that using stable water isotopes may assist in addressing
the complexity of trying to predict drought. Future research needs to address the lack
of geographically diverse stable water isotope data in precipitation and surface water
and should seek to compare scPDSI values on a smaller scale that can better take into
account the impact of internal dynamics within a region of interest.

1. INTRODUCTION
“| talked with families who had lost their wheat crop, lost their corn crop, lost
their livestock, lost the water in their well, lost their garden and come through
to the end of the summer without one dollar of cash resources, facing a winter
without feed or food—facing a planting season without seed to put in the
ground.



I shall never forget the fields of wheat so blasted by heat that they cannot be
harvested. | shall never forget field after field of corn stunted, earless and
stripped of leaves, for what the sun left the grasshoppers took. | saw brown
pastures which would not keep a cow on fifty acres.” (Roosevelt, 1936)

These were the words of President Franklin Delano Roosevelt on September 6, 1936,
when addressing the nation about one of the greatest crises facing the United States at
the time, the Dust Bowl. Though unsustainable agricultural practices played a part in
the creation of the Dust Bowl, it was directly caused by an increased dryness within
the region starting in 1930, and a series of severe droughts within the region that
began in 1934 (Porter, 2012). The Dust Bowl also caused the displacement of nearly
3.5 million people between 1930 and 1940, made up not just of poorer farmers, but of
doctors, lawyers, teachers, and other white-collar professions that could no longer be
supported by broken communities. (Worster, 2012) In the long-term, the drought
caused an economic decrease in the per-acre value of the land of 17-28% and an
economic downturn that would still be felt in the 1950s. (Hornbeck, 2012). The Dust
Bowl also had a major cultural impact on the United States, with stories of
displacement told by John Steinbeck and documented by Dorothea Lange (Alexander
& Nugent, 2018). An entire generation of people was impacted and the course of their
lives and the economic course of the country was changed as a result. In the eighty-
three years since President Roosevelt gave his speech, the United States has
experienced a severe drought at least once every ten years, an occurrence that is
reflective of patterns that exist everywhere in the world. (Cordova & Porter, 2015)
Today, in the United States, when we discuss drought it is often more a conversation
of resource usage and water allocation. (Stoutenborough & Vedlitz, 2014) The idea
that someone would die as a direct result of drought is in many ways foreign to us,
but for millions of people around the world that is still a reality. (UNICEF, 2019)

Drought represents an import part of natural hydrologic cycles that govern the rate
and transportation of water on global and regional scales. (Trenberth, et al. 2015)
Agriculturally, drought represents a threat to crop production and can endanger
political and economic stability through the loss of resources and the threat of famine.
(Sternberg, 2012) Ecosystem observations also indicate drought has a significant
impact on biodiversity and productivity both of large-scale fauna and microbial
communities. (Eisenhauer, et al., 2011)

One area of particular interest is that of South America. An extensive drought in 2005
was shown to have large impacts on the Amazon rainforest, making large swaths of
the forest vulnerable to disease and death, and also impacting biomass production and
carbon uptake within the forest. (Phillips et al., 2009; Markewitz et al., 2010) Authors
also expressed concern that this impact and the expected increase in dryness in the
region could point towards a positive feedback loop in which the rainforest’s ability
to uptake carbon would decrease, increasing carbon dioxide concentrations within the
atmosphere and increasing the rate of climate change. Deforestation within the region
is also expect to increase dryness as forestland shifts regimes into savannah, and as
grassland begins to desertify, which will create a second positive feedback loop to
increase the occurrence and severity of drought especially within the south-eastern



region. (Staal et al., 2015) Drought within this region also has the ability to impact
water security for the entire region. The Panatal wetland regulates water for large
parts of Bolivia, Paraguay, and Brazil and safeguards biological diversity, both of
which have become threatened by drought. (Bergier et al., 2017). Outside of the
environmental impacts there is a very real human concern as over two million people
in Bolivia alone face water insecurity, and the issue is only expected to increase in the
coming century. (Bush et al., 2010) The impacts on South America represent a
microcosm from which we can see the negative impact of increased drought on a
larger scale. As the impacts of global climate change include an increased rate and
severity of drought the need to gain a better understanding of drought mechanisms
and patterns have also increased.

1.1 WHAT IS DROUGHT?

In their 1985 paper, “Understanding the Drought Phenomenon”, Wilhite and Glantz
outlined four distinct types of drought, Meteorological, Agricultural, Hydrologic, and
Socio-economic. (Wilhite & Glantz, 1985). Meteorological Drought is often the most
commonly used and is defined as a site-specific degree of “dryness” for an area that is
expected based off of historical trends within the region. Agricultural Drought
focuses on the agricultural impacts of drought, such as soil moisture, and the impact
on plant growth and thus crop yields. Hydrologic Drought is concerned with the
impact of dry spells on hydrology, often at a watershed or river basin scale, and is
used as a water balance mechanism. Finally, Socio-economic Drought often
incorporates aspects of Meteorological, Agricultural, and Hydrologic Drought but
within the context of the specific social implications that a drought may have, or the
economic impact on an area that is more extensive than crop yield calculations. These
four definitions of drought have been the most common since 1985, though, in a
recent paper published in 2017, a new definition of drought was proposed, called
Ecological Drought. Ecological Drought is defined as a water deficit that drives an
ecosystem beyond a threshold of vulnerability, impacts ecosystem services, and
triggers feedback in natural and/or human systems. (Crausbay et al., 2017) Although
relatively new, this definition of drought takes into account the reaction of natural
systems to drought outside of an anthropocentric view and represents an important
shift in the perspective of many researchers. However, due to its recent development,
more research using the Ecological Drought model is still needed.
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Fig. 1 Sequence of drought occurrence and impacts for commonly accepted drought types.(Source:
NDMC)

Figure 1. From the National Drought Mitigation Center (NDMC) shows the
connections between the four types of drought listed by Wilhite and Glantz and helps
to illustrate the complex relationship between drought and society.

1.2 WHAT ARE STABLE WATER ISOTOPES?

The basic structure of water is that of two hydrogens and one oxygen (H20), but the
specific atoms of Hydrogen and Oxygen making up a water molecule can differ. The
basic and most abundant (99.98%) structure of a Hydrogen atom is one proton and
one electron, known also as Hydrogen-1 or protium (§*H). However, Hydrogen can
also exist as an isotope with either an additional neutron, which is known as
Hydrogen-2 or deuterium (82H) or two additional neutrons, which is known as
Hydrogen-3 or tritium (8%H). (O’ Leary, 2012) Tritium naturally occurs within the
environment from interactions of cosmic rays with atmospheric gas and has also been
released during nuclear weapons testing, however tritium has a half-life of 12.32
years (Miessler et al., 2014) which makes it detectable, but not practical for long-term
monitoring or measurement. Protium and deuterium are both extremely stable, and
are therefore very desirable for long-term monitoring. (Criss, 1999) Similar
relationships exist within Oxygen isotopes. Oxygen-16 (§*°0) is the most common
form of Oxygen (99.762%) and is made up of eight protons and eight neutrons.
Oxygen-17 (8*'0), and Oxygen-18 (5'80) also exist as stable isotopes, with Oxygen-
18 being the most commonly used. (Cook & Lauer, 1968)

Deuterium and Oxygen-18 are useful because they are so rare compared to protium or
Oxygen-16 that they can be used as a tracer within the environment, helping to track
the movement of water through a system and acting as an isotopic fingerprint of a
location. (Craig & Gordon, 1965) Furthermore, the additional mass within the heavier
isotopes impacts their ability to evaporate and transpire, so that the lighter isotopes
are slightly more likely to do so. (Dansgaard, 1964) Stable isotopes in water (520,
52H) are important indicators for investigating hydrological processes across spatial



and temporal scales and have been used effectively to track global weather patterns.
(Good, et al., 2014) The relationship between the deuterium and oxygen-18 can also
be defined as deuterium-excess (dexcess) as a way to further understand the relationship
between Hydrogen and Oxygen stable water isotopes and the specific isotopic
signatures of a location. (Daansgaard, 1964)

1.3 DROUGHT PREDICTION

Several studies have concluded that drought is not the result of any single variable,
but rather the result of complex interactions between global weather patterns, regional
pressure systems, local topography, and internal dynamics of land surface processes.
(NDMC, 2019). The number of variables that go into drought makes any attempt at
prediction particularly difficult, and improvement of drought prediction methods
represents an important step in our understanding of drought, and as a tool to address
the issues that drought can cause.

1.4 RESEARCH GOALS

One of the key drivers of the movement of water is that of evapotranspiration (the
direct evaporation of water from the surface of the earth, and the transpiration of
water through vegetation). It is expected that drought will increase the rate of
evapotranspiration that will occur as thermodynamic inputs increase the rate of
cooling necessary for plant life. (Li et al., 2009) This offers the opportunity to use
stable water isotopes to improve our understanding of the movement and occurrence
of drought. Currently there are only three studies that investigate the relationship
between drought and stable isotopes (Marchina et al, 2019;Wu et al., 2017,
Vanplantinga et al., 2016) and they are limited to specific geographical areas and
relatively small time-scales (one year), meaning that no metadata analysis of the
relationship between drought and stable water isotopes has been performed. Recently
the University of Utah’s Center for High-Performance Computing published one of
the most comprehensive global datasets of water isotope data was published for
public use with stable water isotope measurements from 1974 to the present for
precipitation and surface waters across the world. Similarly, NASA’s Tropospheric
Emissions Spectrometer, which measured atmospheric isotope ratios, has published
data measured from 2005-2011. Using these two datasets it is possible to measure
changes in stable water isotopes in three key hydrologic areas (precipitation, surface
water, and the atmosphere), throughout the globe across several years. Furthermore,
the National Center for Atmospheric Research has maintained a public dataset of
global occurrences of drought using the Palmer Drought Severity Index (PDSI), a
meteorological drought index. The goal of this research project is to determine how
well the PDSI can be predicted using basic physical data (latitude, longitude,
elevation, and time) and the impact of adding stable water isotope data to the drought
prediction model.

2. DATA & METHODS

2.1 PALMER DROUGHT SEVERITY INDEX



The PDSI was first proposed in 1965 by meteorologist Wayne Palmer in his paper
“Meteorological Drought”, published by the U.S. Weather Bureau. (Palmer, 1965)
The PDSI takes into account supply, measured as Precipitation (P) and demand
measured as Potential Evapotranspiration (PE) to create an accounting system with
which to calculate the departure of a region from normal dryness based off of a
bucket-type model. The original PDSI utilized weather data from the central United
States from 1947-1948 to create an algorithm in which historical data for a specific
location was used to assume evapotranspiration and recharge rates. This was done to
simplify the application of the PDSI model and allow estimates to be made without
needing to take direct PE measurements, relying on historical data instead. Another
simplifying assumption that was made was to calculate PE using the Thornthwaite
equation which is based only on temperature, latitude, and month, instead of the more
sophisticated Penman-Monteith equation, which can lead to errors in regions of
limited energy. (Hobbins et al, 2008) This was done as a practical consideration as the
data required to calculate the Penman-Monteith PE is not as readily available as that
of the Thornthwaite equation. (Palmer, 1965)

The index value calculated by the PDSI refers to a standardized measure ranging
from negative ten to positive ten. A negative value indicates increased dryness
compared to the meteorological value, while a positive value indicates increased
wetness. From Figure 2 you can see the original classification from Palmer which
describes any deviation with an absolute value of greater than four as extreme,
between three and four as severe, between two and three as moderate, between one
and two as mild, between one-half and one as incipient, and between zero and one-
half as normal.

TaBLE 11.—Classes for wet and dry periods

X Class
> 400 Extremely wet,
3.00to 3.99 Very wet.
2.00t0 2.99 Moderately wet.
1.00to 1.99 Slightly wet.
50 to .99 Incipient wet spell.
49to —.49 Near normal.
—.50t0 —.99 Incg)ienl; drought.
—1.00 to —1.99 Mild drought.
—2.00 to —2.99 Moderate drought.
—3.00 to —3.% Severe drought.

< —4. Extreme drought.

Fig. 2 Original classification of the Palmer Drought Severity Index from Palmer, 1965. X indicates the
specific index value calculated.

The original standardization set forth by Palmer in 1965 was based on data limited to
fixed points within the central United States, so in 2004 Wells et al. proposed a way
to improve the spatial comparability of the index using a self-calibrating PDSI



(scPDSI) using local conditions, instead of using the fixed coefficients, which was
found to perform better than the original (Wells, et al., 2004).

Both PDSI and scPDSI are designed to be strongly auto-correlated to account for
long-term trends in drought. This practice of taking precedent conditions into account
somewhat limits the usefulness of the index to analyzing longer-term trends in
drought conditions, but in doing so it also makes it more useful than other statistically
based drought indices by recognizing that drought is not wholly independent from
itself over time. (Dai et al, 2011, van der Schrier et al., 2006) This longer-term
analysis may also allow PDSI and scPDSI to better account for the impact of global
warming, the effects of which have already started to be felt in the twentieth and
twenty-first centuries. (Burke and Brown, 2008).

The scPDSI also makes full use of precipitation and surface temperature, which are
two climate variables with long historical records, allowing for past values of scPDSI
to be easily calculated. As such, the National Center for Atmospheric Research
(NCAR) maintains a global scale database of monthly scPDSI values. These values
are only for land and have a global spatial resolution of 2.5 degrees, which is
extremely coarse but represents an opportunity to observe and analyze drought on a
global scale. Years of observable data ranged from 1850 to 2014.

2.2 TROPOSPHERIC EMISSIONS SPECTROMETER

Launched in 2004 as part of NASA’s Aura spacecraft, the Tropospheric Emission
Spectrometer (TES) uses infrared Fourier transform spectroscopy to provide
atmospheric gas profiles inferred through a nonlinear optimization procedure that
determines the vertical distribution most likely to produce the radiative spectra
observed by the TES. (Worden et al., 2012; Clough et al., 2006; Good et al., 2015)
Large uncertainties exist within the retrieved TES data because the instrument is not
optimized to measure gases in the lower troposphere, (Sutanto et al., 2015) therefore
the dataset used was cleaned and bias-corrected as best as possible by Good et al.
Despite these uncertainties, the data has been used in past research to successfully
track and analyze weather patterns in the EI Nino Southern Oscillation (ENSO) and
Superstorm Sandy. (Logan et al., 2008; Good et al., 2014), and represents a large
global dataset of atmospheric deuterium values. Years of observable data ranged from
2004 to 2008

2.3 WATERISOTOPES.ORG

Operated by Dr. Gabriel Bowen from the University of Utah Department of Geology
and Geophysics, and supported by the University of Utah Center for High-
Performance Computing, waterisotopes.org is a database of water isotopes that seeks
to compile isotope data published by government agencies and from data published in
scientific articles to be used for non-commercial research and educational activities.
(waterisotopes.org) As a result, the data resources provided by waterisotopes.org
allows for access to global datasets of water isotopes across several areas, including
groundwater, tap water, and precipitation. For the purpose of this research isotope
data was broken into two categories, precipitation which ranged from 1974 to 2014,



and surface water (lakes, rivers, streams) which ranged from 1977 to 2014. (Water
Isotopes Database, 2018)

2.4 CLEANING

All of the datasets used were inspected and cleaned. Cleaning included the removal of
recorded isotope values that represented an error within the system (values of -999)
and the removal of precipitation and surface water data that didn’t include elevation
data. Each of these cleaned datasets was then projected into a 2.5 degree global map,
and cross-referenced with the NCAR scPDSI dataset with time-lag values of -1
month, 0 lag, +1 month, +2 months, +3 months, and +6 months. After this, any data
that did not have any recorded scPDSI values was removed because it could not be
used in this analysis. The end result was 280,228 points of atmospheric data, 12,020
points of surface water data, and 10540 points of precipitation data. Each point was
then projected into a global map of sampling sites which can be seen in Figure 3.



Fig. 3 Stable water isotope sampling locations. From top: Surface Water, Precipitation, TES Satelite.
Each dot represents one sample taken from that location during the respective monitoring periods.

2.5 ANALYSIS

The analysis was completed by creating a null model which input readily available
physical data and was used to predict scPDSI values, as shown in Equation 1, and
comparing it to a full model which included both physical and stable isotope data as
is shown in Equation 2.

f,y,z,t tsine, [-1) = I



Eg. 1. Null model. x = Latitude, y = Longitude, z = elevation, t = DOY, tsine = SDOY,
I.;=scPDSI time lag of -1, li= calculated scPDSI value for a time lag of +0, +1,+2, +3, or +6

2 18 —
f(xr Y,Z, L, Lsine, 1_1; 6 H, 6 0, dexcess) — Ii
Eq. 2. Full model. x = Latitude, y = Longitude, z = elevation, t = DOY, tsine = SDOY,
I.1=scPDSI time lag of -1, §°H = Deuterium Isotope Data, $'30 =Oxygen-18 Isotope Data,
dexcess=deuterium excess data,
li= calculated scPDSI value for a time lag of +0, +1,+2, +3, or +6

Physical data for the null model was defined as latitude, longitude, elevation (except
for atmospheric data which did not report elevation), the day of the year (DOY) a
sample was taken, the sine of the DOY (sDQOY), and scPDSI with a time lag of -1
month. Latitude, longitude, and elevation were chosen because they are easily
measurable and account for the specific location that a sample was taken. DOY and
sDOY were used to account for the impact of the seasonality of a location, with the
assumption that days that corresponded to the summer months of a region would have
a greater likelihood of experiencing drought. scPDSI with a time lag of -1 month was
used because as has already been stated, the PDSI model is highly autocorrelated,
with the assumption that precedent drought conditions would inform current and
future drought conditions.

Both null and full models were regressed using linear regression, Support-Vector
Machine (SVM) regression, Ridge Regression, and Least Absolute Shrinkage and
Selection Operator (LASSO) regression. Linear regression was chosen because it is
one of the simplest and most widely-used statistical technique for predictive
modeling. SVM, Ridge, and LASSO regression were chosen as machine-learning
alternatives that were able to take into account non-linear regression, each with
different strengths and weaknesses. (Freedman, 2012; Statnikov et al., 2006; Ng,
2004) While all three machines can be tuned to become more accurate, the
computational requirements to tune an SVM are very large, and so results were taken
from that machine without tuning it. In addition, due to the computation requirement
of an untuned SVM, the full atmospheric dataset was unable to be analyzed as the
time to analysis for SVM increases cubically with the number of data points given.
Instead, a random selection of 5% of the atmospheric dataset was selected and run
through the SVM. 5% was selected as a value because it resulted in an analysis of
14,011 data points which is similar in size to the precipitation and surface water
datasets. For both Ridge and LASSO regression, the machines were cross-validated
and trained using 75% of the available data, in order to test their predictive
capabilities on the remaining 25% of the data.

Both models were analyzed using a root-mean-squared-error (RMSE) function. The
RMSE function was chosen as the analysis metric for three reasons. First is simply
that RMSE is widely used as a statistical metric for model performance in
meteorology and climate research studies. (Chai and Draxler, 2014) Second is that the
main goal of this thesis is to determine the usefulness of using stable water isotopes to
improve drought prediction. Comparison of RMSE values allows us to determine the
improvement in accuracy between null and full models without the confusion that can



be introduced using a less definitive metric such as the coefficient of determination.
Third, is that the scPDSI index varies significantly with relatively small changes in
values, going from moderate to the extreme with only a difference of two. Being able
to understand the mean error that occurs within the predictive models informs us of
the usefulness of its application to drought prediction.

3.RESULTS

Results were reported in three ways. First, a comparison of the null and full model to
the observed data. Second, comparison of the error to the latitude and the scPDSI
value being predicted and the RMSE of models as they were projected into the future.
Third, a comparison of the percent improvement to the latitude and the scPDSI value
being predicted and the percent improvement in RMSE of models being projected
into the future, with positive values signaling a decrease in RMSE values.
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Fig. 4 Crossplot of model predictions of scPDSI vs. Observed values across surface water (left),
precipitation (center), and atmospheric (right) data. Models represent linear regression at a time lag of
zero, with the null model represented by blue dots, and the full model represented by red dots. Similar

relationships were observed for other types of regression and other time-lags. (not shown)
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3.3 IMPROVEMENT
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of regression at a time lag of zero. Green bars denote the Tropics of Capricorn and Cancer at +/- 23.5

degrees. Orange bars denote the Arctic and Antarctic Circles at +/- 66.5 degrees. Similar relationships
were observed for other time-lags. (not shown)
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4.DISCUSSION

4.1 INTERPRETATION OF RESULTS

The Model vs. Observed crossplot within Figure 4 seems to indicate a generally good
fit to the line across all three hydrologic regions, with deviation occurring in both the
null and full model as scPDSI values approach zero. Figure 5 shows that error seems
to act as a function of the number of observations, but does not seem to have any
special relationship to the latitude of the sample site. Figure 6 confirms that the
RMSE values of both the null and full models increase with an increase in the time-
lag. This is what was expected as the farther into the future you go, the more
unpredictable the variables become. Figure 6 also shows that RMSE values range
from roughly 0.7 for the full SVM model of precipitation at a time lag of zero, up to
2.3 for the full linear regression model of atmospheric data at a time lag of plus six.
This range indicates a wide variance that shows that this particular predictive
modeling may be useful for drought management, but must be used with caution
when applied using the scPDSI model due to the wide variance in drought conditions
over a short span of index values.

Figures 7-9 show a similar trend as Figure 5 in that it seems that the percent
improvement as a function of latitude seems to be more impacted by the number of
samples taken than the latitude value. However, these figures also show that the
percent improvement is greatest for linear regression, and decreases for SVM and
Ridge regression, and is the smallest for LASSO regression. This is most likely
because linear regression relies more heavily upon the input variables than any of the
machine learning regression models, and it indicates that the LASSO model’s method
of regularization is less impacted by the addition of further variables as it already
seeks to perform variable selection within the null model.

Figures 10 and 12 show similar trends in the relation of improvement to the scPDSI
value being predicted, with a diamond shape forming of minimum improvement of
scPDSI values greater than +/- 5, and maximum improvement occurring at values
near zero, except for LASSO regression, which again decreases in improvement as it
approaches zero. This is interesting and indicates that the assumptions within the
LASSO model are well-suited to predicting normal variation within the PDSI index.
Figure 11 does not follow this pattern, and instead seems to show a greater tendency
for improvement in values below zero (representing drought) which indicated that the
relationship between stable water isotopes, evaporation, and precipitation described
by Daansgaard in 1964 is strong and that stable water isotopes are only useful for
precipitation in areas experiencing drought.

Figure 13 represents the answer to the key question of this analysis. Results seem to
show that the addition of stable water isotopes can help to improve drought
prediction, especially when using the SVM or linear regression model. This may
indicate the the attempts at regularization found within the Ridge and LASSO models
fails to take into account natural variation within meteorological systems, and so is
not as well equipped as the SVM model to account for this complexity. Improvements
are consistently largest at the +1 time lag, which also indicates that by the time an



isotope sample is taken, it is more indicative of upcoming future values than it is of
current values. Surface water also shows continuous improvement with the addition
of stable water isotopes, whereas both precipitation and atmospheric water show
considerable variability in whether or not the addition of stable water isotopes is
useful. This may indicate that the collection processes that surface water undergo also
act as a buffer, with the collection and mixing of isotopes which are taken at a single
point representing the entire catchment basin above the collection point. These
processes may also act as a time buffer, as it may take time for the precipitation and
runoff collected in surface waters to reach the sample location. Because the scPDSI is
at such a coarse resolution, and because it is meant to be autocorrelated over a longer
time scale, these two things would allow for the stable water isotopes within surface
water to be a better representative of scPDSI than the more instantaneous values
taken for precipitation and atmospheric data.

4.2 SOURCES OF ERROR AND FUTURE RESEARCH

The two greatest weaknesses of this analysis are coarseness of the scPDSI dataset and
the location bias within the surface and precipitation isotope data. At a resolution of
2.5 degrees (or roughly 173 miles), each cell within the NCAR scPDSI dataset
essentially represents 29,929 square miles of land, with a single scPDSI value
representing all of them, despite what we know about the impact of local topography
and dynamics on drought. Additionally, having to project individual samples from
specific locations into that 2.5-degree world map reduces some of the ability of that
data to represent specific locations. Furthermore, as shown by Figure 3, there is a
definitive sampling bias towards the United States and the Western Hemisphere.
While this represents the first global analysis of both drought and stable water
isotopes, it also highlights the need to improve isotopic collection in underrepresented
areas if future analysis is to be made. Future research should try to investigate scPDSI
on a smaller scale, which will allow for the impacts of the internal dynamics of a
region to have a greater effect, and should investigate what regional differences exist
in drought prediction and the use of stable water isotopes.

Of the regression models tested, SVM also appears to be the most useful in finding
the smallest RMSE value and shows the greatest improvement with the addition of
stable water isotope data. Future research should look into the impact of tuning this
SVM model, and see whether or not it produces a significantly more accurate model.

4.3 APPLICATION TO SHARED GOVERNANCE AND INTERNATIONAL AID
While there is some variance within the improvement provided by the addition of
stable water isotopes to a drought prediction model, the improvements that do exist
indicate one example of how the use of stable water isotopes can be used to improve
shared water governance and the administration of international aid and emergency
management.

A key factor to any shared governance agreement is communication between
stakeholders and agreeing upon burdens which can be shared equitably. (Hall et al.,
2012) Research into drought propagation has also shown that monitoring is best



performed at the basin-scale and has to take into account non-local hydrologic
variables. (Oertel et al., 2018) Monitoring stable water isotopes can help with this in
two ways. First, the maintenance of stable water isotope collection and analysis
represents a regular, relatively low-cost management action which will ensure regular
communication between stakeholders and allows each party to make a valuable
contribution towards the management of water resources. Second, because the
addition of stable water isotopes have been shown to be especially useful in
improving drought prediction one month out, keeping a record of stable water
isotopes can alert stakeholders of an impending change in scPDSI for a specific
region with enough time for them to communicate and form a plan to address
whatever the issue may be.

This also applies to applications for international aid, and emergency management
and response.

Drought response and recovery typically takes place in stages of activity dictated by
when a drought is confirmed to occur, and often take months to implement fully.
(EPA, 2016) While more time is always useful, even one month represents time
which can be put towards logistic planning that can help to build resiliency among the
impacted communities and alleviate the impact of drought or flooding.

5. CONCLUSION

Stable water isotopes were shown to be useful at improving drought prediction,
especially at a time lag of +1 month, and when the isotopes were collected from
surface water. The level of improvement varied greatly, with some models showing
that it actually made it worse, but overall indicated that using stable water isotopes
may assist in addressing the complexity of trying to predict drought. Future research
needs to address the lack of geographically diverse stable water isotope data in
precipitation and surface water and should seek to compare scPDSI values on a
smaller scale that can better take into account the impact of internal dynamics within
a region of interest.
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