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Abstract
This paper presents a new framework for quantitatively identifying, characterizing and analyzing

systematic hydrological cycles resulting from streamflow variability in a way that integrates
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water supply and water demand. The hydrological cycles in question are measures of the most
severe drought and pluvial events in a historical record of streamflow, along with their respective
durations. The metrics developed here to quantify such episodes are based on an extended
sequent peak algorithm that tracks the dynamic shifts in hydrological behavior of streamflow by
accounting for water supply and demand with respect to streamflow. In the interest of being able
to analyze the largest possible scope of hydrological cycles and behavior, we apply the
quantitative methods developed in this paper to streamflow reconstructions in the Upper
Missouri River Basin (UMRB) as a case study. We find that the duration of dry periods increase
conspicuously as a function of increasing demand levels, the duration of pluvial events decrease
as a function of increasing demand levels, and that the general tendency is for streamflow gauges
on or near the main stem of the river to have shorter dry spell durations and typically lower
drought severity. On the other hand, being on or near the main stem tends to result in greater
duration and severity for pluvial events. Persistence and spatial variability of streamflow
reconstructions were also analyzed to shed further light on the spatial patterns identified earlier,
and to see if this variability and persistence may have an influence on the behavior of the
streamflow as quantified by the metrics defined in this paper. Finally, it was found that there is a
stochastic dependence between the length of a drought and the time to recovery from that
drought, and this dependence is used to create simple conditional probability curves to help

water managers prepare for future extreme events.

1. Introduction

Ocean-atmosphere interactions that lead to inter-annual and decadal quasi-periodic

behavior manifest themselves as periodic runs of wet or dry years, often translating to periods of
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surplus or inadequate regional water supplies (Jain and Lall, 2001). Such epochal changes in
regional water resources can have important implications for the natural ecosystem, society, and
the economy of the region. They can be incredibly costly in multiple ways, depending on the
extent of the severity and duration of these cycles. For instance, the average cost of droughts and
floods in the USA have been estimated to be around $9.5 billion per event and $4.3 billion per
event, respectively (NCEI-NOAA, 2019). Drought events in North Dakota, South Dakota and
Montana during March — December of 2017 in the USA caused $2.5 billion in damage, most of
which hit the agricultural sector (NIDIS U.S. Drought Portal, 2018). These are simply tangible
financial costs, and do not account for certain latent, or hidden, costs to the environment and
biodiversity. For these reasons, it is clear that the ability to objectively and quantitatively
identify dry and wet periods of streamflow, and characterize them in terms of their lengths and
level of severity, is crucial to water planning and management. Furthermore, it is crucial that this
type of analysis is done with streamflow records that reach sufficiently far back in history, in
order to get a more complete idea of the return period of major hydrological events, low
frequency events, and patterns of streamflow variability that may repeat in the future. Multi-
century paleo-reconstructed streamflow data allows for a robust identification of such persistent
and recurrent structure that appears anomalous relative to the traditional stochastic models used
with the limited historical series. This latter statement makes the need for extended records of
reconstructed streamflow clear. This paper details quantitative methods for characterizing and
defining drought and pluvial severity and duration, and demonstrates the importance of applying
this method of analysis to paleo-reconstructed streamflow data, in which streamflow records are
extended hundreds of years into the past, in order to have a more complete understanding of the

effects of streamflow variability.
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Several studies have been conducted along the lines of determining spatio-temporal
trends and patterns in hydrological droughts and floods. Mauget (2003) developed a method for
identifying and evaluating intra- and multidecadal variation in annual streamflow, precipitation,
and temperature over CONUS (continental United States) using Mann-Whitney U statistics over
running-time windows of 6 — 30-year durations. In particular, this method was able to capture
the spatio-temporal patterns of high- and low-flow periods in the US and how it was connected
with such patterns found in precipitation and temperature. Sanborn and Bledsoe (2005)
computed 84 streamflow metrics characterizing various flow regime attributes for 150 streams in
Colorado, Washington and Oregon and used multiple regression models unique to each flow
regime type to predict these metrics. A major concern in this paper was the careful stratification
of stream types before implementing the models. Du et al (2012) investigated the spatiotemporal
variation of dry/wet conditions and their annual/seasonal trends in the Hunan Province in China
using the Standardized Precipitation Index, or SPI (McKee et al, 1993) at various time scales.
The authors of this work also explored the relationship between extreme SPI and the occurrence
of historical drought and flood events, as a means of investigating the potential utility of SPI as a
drought/flood monitor. SPI was essentially used as a proxy for dry/wet conditions, and SPI
trends for each of the four seasons were examined using the Mann-Kendall statistical test. Bales
and Pope (2001) developed a set of procedures for identifying changes in selected streamflow
characteristics. In this study, the goal of the authors was to identify if trends or changes in the
streamflow characteristics of the Waccamaw River were localized, and whether they were the
result of anthropogenic activity or consistent with regional variation. The indicators used here
were annual yield, which is defined as the ratio of annual streamflow to precipitation and

streamflow itself.
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It must be noted that the above-cited studies entirely emphasized the “supply side” of
streamflow variability, through quantitative analysis of either streamflow or precipitation data, or
both. This is true of many other studies as well (see, for example, Khaliq et al, 2008; Rubio-
Alvarez and McPhee, 2010; Saadat et al, 2013). However, the risks and vulnerabilities facing
water systems also change with changing water demands as a result of changing population and
urbanization, and with shifts in the way society views other externalities such as environmental
protection and energy production (Barnosky et al., 2012; Kumar et al., 2015; Vogel et al., 2015;
Vorosmarty et al., 2015). Consequently, the goal of this paper is to begin creating an objective,
systematic and quantitative approach to identifying changes in streamflow behavior integrated
with demand, where we classify such behavior somewhat broadly in terms of a dry or wet phase
relative to the demand. Our approach puts a very strong emphasis on the demand side of
streamflow variability, while maintaining the importance of supply. Note that there exist studies
that incorporate the role of water demand. These indices include the water stress index
(Falkenmark et al., 1989), water resource vulnerability index (Raskin et al., 1997), International
Water Management Institute (IWMI) indicator (Seckler et al., 1998), critical ratio (Alcamo et al.,
2000) and the water poverty index (Sullivan, 2002) , the Multivariate Standardized Reliability
and Resilience Index (MSRRI) (Mehran et al., 2015) among others. One important difference
between these studies and the present study is that this paper does not attempt to describe another
index for quantifying drought conditions or availability of water for consumptive use. This
paper creates an entire framework for quantifying and identifying regime shifts and regime
behavior in streamflow, and creating quantitative assessment tools for reservoir managers in

preparing for dry and wet/pluvial phases.
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All of this leads to a new set of metrics, along with their governing equations, that are
defined, discussed and applied to streamflow reconstructions to demonstrate how effectively the
metrics work in describing phases of streamflow variability and how crucial the incorporation of
water demand really is. With the use of data arises the existence of a case study to which we
apply the novel techniques developed in this study. In this case, the streamflow reconstructions
used are from our recent study (Ravindranath et al., 2019) on streamflow reconstruction in the
Upper Missouri River Basin (UMRB). Hence, the UMRB is our case study in this paper.

The paper is organized as follows. Section 2 gives an introduction and thorough
description of the concepts, definitions and equations that give rise to the methods and analyses
demonstrated in this paper. Section 3 gives an overview of the mechanics of the analysis carried
out in this paper, emphasizes the importance of demand in the analyses for water management
and provides a segue from the theoretical definitions and concepts of section 2 to the applied
analytical nature of sections 4 and 5. Section 4 discusses the case study and the specific
approach of applying the ideas discussed in section 2 to the data for the case study. Section 5
shows the results of our analysis and discusses them in detail. Finally, section 6 summarizes the

paper and ends the paper with some concluding thoughts.

2. Background: Cycles, Regimes and Drought Metrics

We begin our investigation by introducing several key equations and concepts that will
form the basis of our proposed framework. The metrics defined here are designed to quantify the
impacts of varying water supply and varying water demand on water availability. In the present
context, we are primarily concerned with reservoir management systems, and so we restrict our

discussion of water supply to streamflow from river basins.
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Take an n-year record of streamflow data as the water supply variable and an n-year
record of water demand as the demand variable. We first calculate the annual deficit Def; as the
difference between demand and supply, and the year-by-year accumulation of deficit in water

availability CDI,.

(1a) Deft = dt — St fOI‘t= 1, 2, oo n
(1b) CDI; = max(0, Def; + CDI,_;) fort > 1, with CDI; = max(0, Def;)

In equations (1a) and (1b), d; represents demand for water in year ¢, s; represents water supply in
year t, and CDI, is the value of the cumulative deficit index in year ¢. It is typical, and sufficient,
to assume that demand is a static value d while supply alone varies. This way, one can derive the
impact of supply variability relative to a chosen demand level. The value of the cumulative
deficit in a given year represents the amount of water deficit accumulated from the beginning up
until the current point in time. Note that the use of the max (maximum) function in equation (1b)
disallows us from considering negative cumulative deficit values, which is tantamount to a water
surplus. Whenever the cumulative deficit value is non-positive, it is automatically zeroed out to
indicate the absence of drought, and accounted as excess, or Ex;.

(2a) Ex; = —min(0, Def; + CDI;_,) fort> 1, with Ex; = —min(0, Def;)

t
(2b) CEI, = ZE"“ DI =0
i=1

0, CDI;>0

In equation (2a), Ex, is the value of the water surplus for year ¢. The remaining quantities are

exactly as they were defined in equations (1a) and (1b). The use of the min (minimum) here
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ensures that we are now considering only the negative values of the previously defined CDI, or
surplus values, whereas CDI only considered positive values, or deficit values. In equation (2b),
CEI, is the water surplus analog to CDI;. It accumulates the excess Ex;, over time, but only for
the years where there is recorded excess, i.e., when CDI; is zero. Hence, the CEI; is a dynamic
proxy of water excess as it accumulates over time, and we have now defined an equally effective
measure for excess water supplies and how this evolves over time. Recall that the water supply
considered here is also only streamflow. As a final note, it should be pointed out that the
algorithm used to calculate the CDI is based on the sequent peak method that is commonly used
for sizing of reservoirs (Thomas and Burden, 1963; Ripl, 1887). Whereas in the sequent peak
algorithm, the spills (non-positive cumulative deficit values) are not considered, we extend the
algorithm to account for the water excess that spills out of the reservoir as CEI;, hence forming
the basis for dynamically defining the drought phase CDI;, and the pluvial phase CEI,.

The concepts of CDI and CEI essentially define and characterize the impacts of water
demand on freshwater supplied by streamflow, and this characterization quantifies the concept of
regimes, which refers to the alternating dry and pluvial phases of streamflow variability. A dry
regime, which can be somewhat glibly referred to as a drought period, occurs whenever the CDI
returns consistently strictly positive values for a stretch of time. Figure 1 provides a useful
visual for understanding regimes. The upper panel of Figure 1 shows a synthetic streamflow
time series as an example of water supply, with a horizontal line cutting through this time series
representing water demand. The regimes are difficult to make out by simply staring at this graph
given the high degree of variability. Itis not true that a drought has ended and a pluvial has
begun simply because the supply begins to peak above the demand. Depending on the extent of

dryness prior to the point at which supply exceeds demand, a rise of supply above demand would
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have to occur often enough, and with sufficient magnitude in order to overcome the earlier
deficits of water supply, whilst the dips in between must not accumulate enough to
counterbalance the peaks. Hence, the bottom panel shows the regime time series that results
from combining CDI and CEI calculations made from the supply/demand plot in the upper panel
into one comprehensive time series plot. This time series is a transformation of the original
streamflow record using the demand line and equations (1) and (2). An example of a dry regime
is seen in the bottom panel of Figure 1 as the first portion of the yellow-shaded box in the time
series plot, above which is written “Dry Phase”. A pluvial regime is the opposite of a
drought/dry phase, and is characterized by excessive water supplies and a CEI that is strictly
positive in value over a stretch of time (for convenience we show it here using negative
ordinates). An example of a pluvial is seen in the second portion of the yellow-shaded box in the
bottom panel of Figure 1, above which is written “Pluvial”. A dry regime is inevitably followed
by a pluvial. A dry and pluvial regime together constitutes a cycle, and a shift from dry to
pluvial is known as a regime shift. For the sake of simplicity, we consider a cycle to begin with a
creeping drought and end with the conclusion of a pluvial phase. Hence, a cycle begins and ends
at 0, and exhibits both a dry and pluvial regime in between, in that order.

Based on the concepts outlined in the previous paragraph, we will now define a few
simple but useful regime identification metrics, and provide some equations to quantify these
definitions. Drought severity (S in Figure 1, bottom panel) is the maximum value of the CDI
time series, and in Figure 1, bottom panel, is the largest peak in the entire time series. We can
think of this as the “drought of record” for the time series. The drought duration (D in Figure 1,
bottom panel) is the amount of time that elapses from the beginning of the drought-of-record (at

0) to the point at which severity (S) is achieved. For this illustration, the spill volume (V in
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Figure 1, bottom panel) is the minimum value of the entire CDI/CEI (regime) time series, and is
represented by the largest trough of the CEI time series (since it is shown as negative ordinates).
It is essentially a measure of the severity of the pluvial regime. This is akin to the “flood of
record”. The pluvial duration (Dp in Figure 1, bottom panel) is the amount of time that elapses
from onset of the pluvial to the conclusion of the pluvial, whereby CEI = 0 again. The recovery,
which is depicted by R in the bottom panel of Figure 1 in the first portion of the highlighted
cycle (drought portion), is defined as the amount of time that is required to travel from the peak
(severity) of the drought-of-record to the end of that dry regime. In other words, R is the de-
escalation time of the drought-of-record. Given these definitions, we have the accompanying
equations to quantify these concepts. As one dry and one pluvial regime each occur
consecutively in one cycle, we must understand that over an n-year record of time, multiple

cycles will occur, depending on the magnitude of n and the length of the cycles.

(3) S = max(CDI,)

4) D = X 1t cpi<s, t<t*, tea}, Where t"is the point in time at which CDI;= S, A is the set

of all time indices 7 that correspond to the cycle during which the drought-of-record is

1ifte{t:CDI, <S, t<t",t €A}

observed, and 1. cpy,<s, t<t*, tea) ={ 0 otherwise

(5) V = max(CE1)

(6) Dp =Y 1t cEr,2 0, cpr,= o, tep}> Where B is the set of all time indices 7 that correspond
to the cycle during which the flood-of-record is observed

(MHR= Zt 1{t: 0<CDI¢<S, t>t*}

It has to be noted that, although a dry regime is inevitably followed by a pluvial, § and V do not

have to be synchronous, i.e., the “flood of the record” does not have to occur after the “drought

10
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of the record.” We now proceed to the next section, equipped with these concepts, definitions

and equations.

3. A Demand-Driven Regime Identification Scheme

In the previous section, we completely defined the concepts of the cumulative deficit and
excess indices (CDI and CEI, respectively), cycles, hydrological regimes, regime shifts, drought
duration, drought severity, recovery, pluvial duration and spill volume. For an n-year record of
flow, we calculate the CDI and CEI indices for the entire record and thus generate the regime
cycle time series corresponding to the original streamflow record. We can count the number of
cycles from this time series and characterize the duration, severity, recovery, and spill volume of
each cycle using equations (3) through (7). We now, in turn, have time series’ of dry regime and
pluvial regime durations, drought severity, drought recovery and spill volume corresponding to
the original flow record. We can extrapolate these time series, and hence forecast regime
behavior for the future, which can then be used to help guide water policy, water
planning/management and infrastructure development for dams as future projects, using a
reasonable probability or statistical model. It is desired to have a sufficiently long time series of
regime cycle characteristics, and in turn of streamflow data, in order to make meaningful
extrapolations. This is where it is useful to use paleo-reconstructed streamflow records for this
type of analysis and analyze historical regime behavior first, before extrapolating into the future
with a now sizable dataset.

As discussed in the introduction, typical analyses of drought and pluvial events rely on
the supply side of the story; that is to say that these analyses do not pay sufficient heed to the
influence of water demand on water deficit and stress. Our CDI and CEI metrics, as

demonstrated in equations (1a), (1b) and (2a), (2b), are based on both supply and demand. The
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demand side of water stress is crucial in determining the level of water stress, and we now show
that any measure of water stress that considers only supply is most likely an incomplete measure

of stress, depending on the specific context in which it is being applied.
4. Case Study: Exploring Historical Regime Behavior in the UMRB

We apply the techniques and concepts from the previous two sections to paleo-
reconstructed streamflow records in the Upper Missouri River Basin (UMRB) in order to study
the historical regime behavior of the UMRB and demonstrate how our approach works. The
Missouri River Basin (MRB) is the second largest drainage basin in the United States, and drains
roughly one-sixth of the conterminous United States and roughly 25,100 km? (or 9,691 square
miles) of Canada (Galat et al, 2005). The watershed area of the MRB is over 500,000 square
miles, and the Missouri River produces annual yields of 40 million acre-feet (United States
Department of the Interior, Bureau of Reclamation, 2016). The basin is interesting due to its
size, importance, and geographic, topographic and climatic complexities. For instance, Wise et
al (2018) found that different seasonal controls affect the upper and lower portions of the basin,
and that streamflow and temperature trends were quite different between these two parts. It is
especially interesting to use the UMRB as a case study, and not just as a matter of an instructive
use of streamflow reconstructions. This is because since 1898, when record keeping of
streamflow in the UMRB officially began, nine out of ten of the biggest flood events in the
UMRB have occurred after 1970 (Livneh et al, 2016). This indicates a greater tendency towards
extreme pluvial events. As it is possible that events such as these have occurred in the distant
past, beyond the temporal scope of our observed data, we must extend the historical record in

order to see this.
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The spatial structure of the dams and reservoirs in the UMRB, and the MRB more
generally, is one of a network, whereby the flows from one streamflow site eventually joins into
another as a tributary. In this way, the flows from several individual sites join other sites at a
junction, which then flows to other sites, culminating in a terminal site somewhere on the main
stem that accumulates all of the flows accounted for, starting from the most upstream headwaters
of the river.

In the present situation, we are considering a portion of the UMRB that consists of
eighteen streamflow sites. See Figure 2, top panel, for a map of the portion of the UMRB under
consideration. In this Figure, the red triangles are the streamflow sites and the green objects that
non-coincidentally resemble trees, represent the local tree-ring chronologies corresponding to
those sites. The trees provide paleo-climatic information for the streamflow reconstructions via
their observed tree-rings, from which tree-ring chronology data is generated. The record length
of the observed data from each of these streamflow sites ranges from forty-seven to seventy-four
years, with an average record length of roughly sixty-two years. In order to get a better sense of
the hydrological regime patterns in the UMRB over its history, we generate reconstructions for
all eighteen stations simultaneously, considering the network structure of the dams and river
topography. We use a novel Bayesian network model as described in Ravindranath et al (2019)
in order to obtain the reconstructed flows from all eighteen stations. Given the network structure
of the UMRB, the model places a multivariate lognormal joint likelihood function on the entire
river network, estimates its parameters in a Bayesian regression setting using the tree-ring
chronologies and any inflows from other upstream sites as predictors, and generates
reconstructions from the river network’s likelihood function as far back as the tree-ring

chronologies dictate, using once again the tree-ring chronologies and the median of the
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reconstructed tributary flows as covariates. The reconstructions for each of the eighteen stations
are generated as a sequence of distributions over the extended record of time, rather than as a
sequence of points. Figure 2, bottom panel, shows an example of the reconstructions for one of
the eighteen stations. Rather than generating a time series of single points, the Bayesian network
model generates a time series of boxplots, one boxplot for each year reconstructed, from 1800 —
1989. The boxplot itself represents the posterior distribution of the reconstructed flow estimates.
The reconstruction model generates posterior streamflow distributions that are relatively low in
distributional uncertainty and that, on average, follow the same trends as the observations while
not being far from the observations in median value, as seen when comparing the blue lowess
(Loader, 1999) curve with the red lowess curve over the instrumental period (see Figure 2
caption for necessary explanations). For a given year, the distributional streamflow
reconstruction consists of 3,000 values simulated from the posterior distribution of the joint
likelihood distribution function placed on the riverine network structure of these eighteen
stations. Hence, for the 190 reconstructed years, we essentially have 3,000 time series “strands”
or “strings”, each string being a time series of 190 points. Each of these time series has a
probability of being the “true” 190-year record that is assigned by the posterior distribution.
The main purpose of this work is to implement the concepts discussed in section 2 and
equations (1) through (7), on reconstructed flows in order to systematize a method for
characterizing regime behavior over sufficiently long periods of time. Longer records of flow
offer the advantage of being able to reveal a greater number of important patterns in the
streamflow variability and in regime behavior. In order to properly understand the role played

by integrating water demand, we experiment with our proposed framework at several different,
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successive levels of demand. We now briefly describe the methodology taken to carry out the
analysis.

The reconstructions for each of the eighteen streamflow sites in the UMRB created a
streamflow record ranging over 1800 — 1989 on the water-year temporal resolution; that is, one
reconstructed datum per year. Each reconstructed datum is a distribution consisting of 3,000
simulated streamflow values under a normal probability distribution. The reconstruction for a
given year is therefore presented as a boxplot representing the distribution of 3,000 values. A
reconstruction therefore consists of 190 boxplots, each boxplot depicting a probability
distribution of 3,000 values, to produce a boxplot time series, as opposed to the standard point-
based time series. Figure 2, bottom panel, shows the reconstructions for Landusky.

Given the 190-year record of streamflow that we now have, we have 3,000 time series of

190-year long reconstructions for each site. For each of the eighteen streamflow stations, we

take the following steps. Consider Qgi) to be the i time series of paleo-reconstructed
streamflow indexed by year #,i=1,...3,000 and t = 1,...,190. We assign this as our supply
variable. We then simulate values of a parameter o from the open interval (0,1) in increments of

0.05. This gives us a total of twenty-three values of a. We can then calculate twenty-three levels
of demand simply by computing d = a * Q, where Q = %Zt Q¢ is the average value of the

observed streamflow time series for a given streamflow site and o is one of the twenty-three
fixed values simulated. For obvious reasons, we refer to the multiplier a as the demand fraction.
It represents the fraction of the long-term average streamflow value that is required by the water
consumers. For each fixed o and i and ¢, we use the designated supply and demand variables to
calculate the CDI and CEI time series, and use these to compute the derived variables severity

(S), duration (D), spill volume (V), pluvial duration (Dp), and recovery (R). Each of these
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derived quantities represents one number for each streamflow time series. In this analysis, we

modify the calculation of severity and spill volume by normalizing them by a product of the

%4

) . . s . .
demand level and duration; more specifically, we use $* = vy instead of S, and V™ = TDp

instead of V. Hence, S* and V" are the annualized measures of drought severity and pluvial
volume relative to the annual demand. S* (V") greater than 1 indicates that the annualized
drought severity (pluvial volume) exceeds annual water demand. We also calculate the drought
recovery-to-duration ratio (R/D) in addition to the recovery metric, R, in order to get an idea of
how long the recovery time from a drought is relative to the amount of time elapsed to reach the
drought severity. An R/D ratio less than 1 is most desirable, as that indicates a relatively quick
recovery from a drought, and therefore a relatively quick return to more normal conditions.
Since we repeat the above procedure for all 3,000 simulated streamflow time series, we
wind up with a sequence of twenty-three distributions for each of the six derived quantities (S,
D, V¥, Dp, R and R/D) where each of these distributions consists of 3,000 calculated values of
the statistic, one for each of the 3,000 paleo-reconstructed streamflow time series. We repeat this
procedure with only the observations and compare the results with those using the
reconstructions to identify if the paleo-reconstructed streamflow offers quasi-periodic
information beyond what exists in the instrumental record. We also include an examination of
the spatial distribution of the results on a map of the UMRB to see how some of these
hydrological quantifiers/indicators change as we move along the river network, both on and

around the main stem of the river.

5. Results and Discussion
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We now discuss the results of applying the regime behavior identification techniques
described earlier to the streamflow reconstructions for the UMRB generated by the network
Bayesian model from Ravindranath et al (2019). As an example of the analysis, let us take a

look at the most downstream site in the 18-site UMRB network, Landusky.

5.1: Application of Regime-Quantifying Metrics to Streamflow Data

Figure 3 shows the results of applying the procedure described in detail in section 4 to
Landusky. The upper left panel of Figure 3 shows the results for the duration of the drought-of-
record. Prior to a demand fraction value of a = 0.5, the boxplot distributions are collapsed at
their median value of 0. This means that when the demand fraction is sufficiently low, in this
case, anywhere from 0% to 55% of the average observed streamflow for Landusky, the drought-
of-record duration is 0. This is probably because there are no droughts that occur for such low
water demands. In other words, while there is inter-annual to decadal variability in the
streamflow (supply), when integrated with a low demand, the drought signal is practically non-
existent. However, this begins to change at the demand fraction value of a = 0.6, at which point
there is virtually no spread around the median value aside from a couple of outliers (circles
above the box), but for which the median value is slightly positive. This median value increases
for the remainder of the plot, with the most significant increases occurring from demand fraction
values of 0.75 to 0.80. Furthermore, a significant spread around the median begins to be
observed at the demand fraction value of a = 0.8. Hence, as we increase the water demand to at
least 60% of the observed average and beyond, the average length of the drought-of-record
increases, demonstrating the important role that demand plays in determining the occurrence of

droughts and dry regimes more generally. The blue pseudo-curve superimposed on the boxplot
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sequence of the upper left hand panel of Figure 3 represents the time series of drought durations
for the observed data. We can clearly see that it follows an identical trend to the average values
(medians) of those from the reconstructed records, although higher in value in most cases. The
reason for this slight discrepancy in the duration of the droughts between paleo-reconstructed
and observed records is simply that fewer droughts/dry regimes are observed in the far shorter
62-year observed record of flow for Landusky. It just so happens that the most severe drought
seen in the reconstructions, occurring at a point in time in the past beyond the temporal scope of
the observed record, had shorter duration than the most severe drought in the observational data,
and this is true at any and all demand fractions. This is something that a longer record of flow
can capture that the insufficient observed record cannot.

The upper right hand panel of Figure 3 shows a sequence of boxplot distributions
displaying the results of applying the normalized severity metric to the same data and within the
same procedure described above. The metric $* (identified as “S2D Ratio” in the title of the
boxplot in the upper right hand panel of Figure 3) is the severity normalized first by the demand
level, and then divided by its duration, giving a demand-normalized severity-to-duration ratio.
Normalizing severity by demand gives us the largest possible fraction of water demand that is
lost to a dry regime in the entire record. Hence, a value like 0.50 tells us that our water system is
experiencing a drought that has depleted an amount of water equivalent to 50% of the water
demand level. This water demand may be an aggregate of water demanded by various sectors
and stakeholders, such as agricultural, domestic, industrial, etc. When this is divided by the
duration of that drought-of-record, the metric now measures the amount of water depletion,
expressed as a fraction of the water demand that occurs each year over the lifetime of the dry

regime with the maximum severity. Values of this ratio only appear at the 0.6 demand fraction.
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With the exception of some outlying values, the (very) maximum approximate amount of yearly
water depletion, according to the reconstructed flows, never exceeds 20% of the water
demanded, which occurs as a maximum value of the boxplot at the 0.95 demand fraction. It is
clearly seen that between the 0.6 and 0.8 demand fraction values, the amount of water depleted
each year increases quite dramatically, demonstrating that an increase in water demand tends to
lead to an increase in the severity of the depletion. At demand fraction a = 0.8, the entire
normalized severity-to-drought index distribution shifts down from its position at o = 0.75,
implying that at this demand level, the duration of the drought-of-record has grown by a greater
proportion than the severity. Hence, there is an important shift that occurs at demand fraction
0.8, at which point the duration increases disproportionately more than the severity of the
drought itself. From that point on, we see a similar trend of increasing water depletion as a result
of larger demands. From the demand level of 0.6, this step change happens for every 15 units
increase in the demand level. The superimposed normalized severity to duration ratio, based on
the observations, follows a similar, but somewhat different trend. We see an increase over the
demand fractions 0.6, 0.65 and 0.70, but a dip at 0.75, and increases thereafter until 0.90, where
the value again dips to a lower value at 0.95. It appears that the pattern here for Landusky is that
the observed severity-to-duration series increases for three consecutive demand fraction values
(10 units), dips, and then goes back to increasing for the next three values, dips, etc. For the ratio
values calculated from the reconstructed flows, the pattern clearly entails an increase for every
consecutive four (15 units), a dip, and then a repeat of this cycle indefinitely. For Landusky, the
duration increases disproportionately every 10 units for the severity-to-duration ratio calculated
from the observed streamflow record, and increases every 15 units for the severity-to-duration

ratio calculated from the reconstructed streamflow distributions. A quick glance at the upper left
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plot of peak dry regime duration reveals this pattern to be true. A more detailed study would be
required to see if this patterns holds for streamflow gauges more generally.

The lower left hand plot in the four-panel portion of Figure 3 shows the boxplot for the
peak pluvial duration. Intuitively, the trends in this plot are exactly opposite to those seen in the
peak dry regime duration plot. That is, as demand fraction increases, the distribution and/or
duration of pluvial events drops drastically. The pluvial duration calculated from the observed
streamflow behaves somewhat inconsistently from how it behaved in the very first boxplot in
Figure 3 (dry regime duration). In this plot, the observation-based peak pluvial duration is
persistently far lower than the minimum value of the boxplot distributions, which represent the
paleo-based peak pluvial durations. For lower demand level, this trend is just replicating the fact
that there is very little drought and all the years are pluvial relative to demand (as seen through a
shorter observed record or through a longer paleo record). However for larger demand fractions,
it may be the case that we lack a sufficient amount of information from the shorter observed
records, and need the more robust and much longer reconstructed records to deliver a more
reasonable estimate of the peak pluvial duration.

The normalized volume to duration ratio is shown in the fourth panel of Figure 3, located
to the bottom right of the four-panel portion of the Figure. There is a consistent decreasing trend
in the boxplots as the demand fraction increases in value. At demand fraction values less than or
equal to 0.5, the entire distribution of the normalized volume to duration ratio, generated from
the paleo reconstructions of Landusky streamflow, collapses to a median value of 1.0, meaning
that an amount that is equivalent to 100% of the water demanded is spilled each year, which in
turn implies that the excess water in the reservoir, beyond what is held in full capacity and

therefore the water that is spilled, is exactly equal to the water demand level. In other words, for
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lower demand fractions, since there is no drought signal relative to the demand, the system is
always under excess. The percentage of water demand that is spilled each year is less than 100%
when the demand fraction increases to 0.55 and beyond. It is interesting to see that the
distributions of the normalized (spill) volume to (pluvial) duration ratio have very little
variability around their median values, and in some cases none at all. The distributions are
generated by, and are therefore a function of, the distributions that define the streamflow
reconstructions for Landusky, which have a remarkably low level of distributional variability
themselves.

The two-panel plot at the bottom of Figure 3 depicts the drought recovery time and
recovery-to-duration ratio, where the duration here refers to D, the drought duration metric.
There is a very clear increasing trend in the recovery metric as the demand fraction increases.
Hence, as the level of water demand increases, the recovery time also increases, which makes
sense as increased water withdrawals and demands will tend to prolong the effect of the drought.
The blue curve, reflecting the calculation of the recovery metric using the observed streamflow
data with the demand fraction values, shows the same increasing trend as the recovery metric
calculated from the reconstructions. Prior to a demand fraction value of 0.66, the distribution of
the recovery metric for Landusky is collapsed at its median value of 0, indicating that for
sufficiently low demand values, there is no drought signal and hence no recovery time required.
This is affirmed by the top left plot in Figure 3 depicting the drought duration, in which there are
no dry periods for a demand fraction less than 0.6. The increase in the recovery metric for
Landusky, as a function of the demand fraction, is approximately exponential, and much more
clearly so than the growth rate for drought duration, which is the complementary measure for the

dry phase of the regime cycle. We may conclude that recovery is more sensitive to changes in
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demand fraction than the length of the drought, at least for Landusky. This is confirmed in the
recovery-to-duration ratio plot, in which four of the six boxes display median values greater than
or equal to 1. This indicates that the amount of time to recover from the drought dominates the
drought duration. The drought durations exceeds the recovery period by a small amount for the
demand fractions 0.81 and 0.86 for the Landusky gauge.

For a fixed demand level, which changes solely in accordance with demand fraction a,
we observe that there is generally very little variation around the medians across all six panels of
Figure 3. The reason for this becomes obvious when we examine Figure 2, second panel. The
variability around the medians in the boxplots in the Landusky streamflow reconstructions are
quite small, owing to the uncertainty reduction paradigm built into the reconstruction model
(Ravindranath et al., 2019). The variability around the boxplot medians in the reconstruction
time series appears to be around 10,000 CFS on average. For each of the 3,000 iterations of the
CDI calculation, the supply input for a fixed demand fraction is the same, contributing zero
variability to the distribution of the drought/spill metric in question. The only exceptions to this
rule are the peak pluvial duration distribution at demand fraction 0.65, whose lower quartile is
around eighty years and upper quartile is a little more than one hundred and fifty years, and the
recovery-to-duration ratio distributions at demand fraction values 0.76 and 0.81. For the
exceptional peak pluvial duration distribution, the median value is around 125 years. This is
most likely a critical demand fraction value, where the transition from low demand ---
characterized by long duration, 200-year pluvial events; non-existent droughts; and 100% spill
rate --- to high demand, takes place. Since there is a sudden and dramatic drop in the peak
pluvial duration between the 0.6 demand fraction and 0.7 demand fraction values, the pluvial

duration distribution is “stretched” between these two extremes. This transition results in
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extremely high and low values, creating a large range of values and hence large variance in the
distribution.

Rather than repeating the analysis just done for all eighteen stations, we summarize the
results of all streamflow sites with Figure 4 for drought duration, severity-to-duration ratio,
pluvial duration and spill volume-to-pluvial duration ratio. Figure 4 shows, for each of the four
derived variables presented in Figure 3, the median of the boxplot distributions over all of the
demand fraction values for all eighteen of the streamflow sites. This gives us an idea of the
average trend in the evolution of each of these four metrics over the increasing demand levels,
for all eighteen of the streamflow sites simultaneously. The first panel (upper left) of Figure 4
shows the trends in the dry regime duration for all eighteen stations. We notice that there are
several clusters present. There are only two streamflow sites for which the duration trends grow
beyond a value of 100 years. The first of these rises beyond a drought duration value of 150
years and begins its ascent approximately at a demand fraction value of 0.68, while the second
barely rises above 100 years and begins its ascent approximately at a demand fraction value of
0.76. The second cluster are the two sites whose average trends rise just beyond a duration value
of 50 years, but never make it near 100 years, and begin a noticeable ascent around 0.82 demand
fraction value. The third cluster has an average trend line that begins a very sharp ascent around
0.9 demand fraction value, and never quite makes it to 50 years. The remaining streamflow sites
have duration trends that never achieve a sharp ascent at all throughout the Figure for the given
demand fraction values, although a small increase in the trend begins to occur after 0.8 demand
fraction value. The obvious conclusion is that dry regime duration is an increasing function of
demand fraction, however, this increasing function varying from station to station, or region to

region.
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The third panel (lower left) of Figure 4 shows an analogous average trend chart for the
peak pluvial duration variable. Here, we can make out at least two clusters. The first are
streamflow sites for which the average pluvial duration trend starts out very high (over 150
years) for low demand fraction values and decreases rapidly as the demand fraction increases.
The second cluster consists of streamflow sites for which the average pluvial duration trend starts
out with relatively low values (less than 100 years) and continues to decrease as the demand
fraction increases, though the decrease in duration for this second cluster is generally less rapid
than those of the first cluster. We observe greater persistence for high duration values for a
couple of sites.

The second panel (upper right) of Figure 4 shows the average trends of the demand-
normalized, severity-to-duration ratio as a function of the demand fraction. These trends appear
as curves with peaks and dips. Though many of the curves have several peaks (or modes), there
is an observable pattern among the curves: the streamflow sites with severity-to-duration trend
curves that occupy a higher position along the vertical axis tend to have their largest peaks at
lower demand fraction values, and as we progress with sites that have curves that are
successively lower in value along the vertical axis, their largest peaks tend to occur at larger
demand fraction values. To a certain extent, this pattern is logically sound, as lower demand
levels with higher severity trends will tend to peak earlier when severity is so much larger than
duration and demand fraction increases are not yet enough to impact duration significantly,
whereas higher demand levels at lower severity trends will tend to peak later, when an increase
in demand fraction forces the severity to increase proportionately more than the duration. There
may be a spatial signal here, where the streamflow gauges are impacted differentially with

respect to regime severity and duration depending on their distance from the river’s main stem.
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The fourth and final panel (lower right) of Figure 4 shows the demand-normalized spill
volume-to-pluvial duration trend average curves, again taken as the median values of the
distributional forms calculated from the streamflow reconstructions for each of the eighteen
stations. This graph simply demonstrates that we have a uniform decreasing trend for all
eighteen of the streamflow sites as the demand fraction increases. However, there is again a
spatial discrepancy, in that certain streamflow sites have consistently higher spill volumes than

others.

5.2: Spatial Attributes of Regime Behavior in Watersheds

In Figure 4, we observed discrepancies in the regime behavior across the eighteen
streamflow sites, as quantified by two duration indices and two drought/pluvial indices. We also
observed a clustering of similar trends in regime behavior among groups of sites, and we now
ask the question: is there a spatial pattern in regime behavior across the eighteen sites in the
UMRB? In order to answer this question, we plot the same data represented in Figure 4 onto a
riverine map of the UMRB. The lengths of the drought or pluvial duration, and the intensity of
the dry or pluvial regimes, are all represented by dots, located at the streamflow sites’
geographical coordinates on the map of the river basin, shaded in different colors, whereby
“darker” colors represent longer durations or more intense hydrological regimes. The color
scheme on the maps is determined by dividing the range (or output values) of the four derived
variables as seen on the vertical axis in the panels of Figure 4, into five categories based on their
quantiles. The main stem of the river is in blue, with minor feeder streams in lighter blue.
Figure 5 depicts these maps in four panels, one panel for each of the four derived variables under

consideration. These maps also help us to determine which of the trend curves plotted in the four
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panels of Figure 4 correspond to which streamflow site. Note that the maps in Figure 5 are done
only for a demand fraction value of 0.91.

Panel 1 (upper left) of Figure 5 shows us that generally, streamflow sites along the main
stem of the river have a shorter drought-of-record, as the yellow colors along or very near the
blue curve of the Missouri river are usually within the first two categories of [10, 11) and [12,
13), although a handful fall into the third category. Sites that are further away from the river are
generally in the third, fourth and fifth categories. Thus, it can be concluded that the dry regime
duration trend curves of panel 1 in Figure 4 that tend towards larger values take place in sites that
are not along the main stem of the river. This makes sense, as inter-annual flow variability is
relatively low along the main stem than it is in the tributaries, and hence the sites along the main
stem should be much less prone to long droughts. Panel 2 (upper right) of Figure 5 shows us that
the annual severity, for each year of the life of the drought-of-record, as a fraction of the demand
level (which is a = 0.91), either does not have a straightforward pattern as we found with Panel
1, or there is more to consider. Let us consider Panel 1 in conjunction with Panel 2. When
duration is low, and it tends to be lower with the main stem gauges, then the severity-to-duration
ratio increases unless an adjustment is made in the severity to compensate. What we can
conclude is that the lighter colors have a greater tendency to occur on the main stem, despite
generally lower durations. This implies that the severity is also considerably lower along the
main stem, which makes sense as the main stem has lower variance as a result of flow
aggregation. Hence, droughts will tend to be less severe. Where we see a low normalized
drought-severity-to-duration number in Panel 2 corresponding a high drought duration in Panel 1
(of Figure 5), this simply implies that the severity of the drought-of-record is low enough relative

to the duration that there is a small amount of contribution that each year makes to the
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cumulative drought value. Panel 3 (lower left) of Figure 5 shows the spatial distribution of the
duration (in years) of the most severe pluvial event for the demand fraction value of & = 0.91. As
expected, we see essentially the inverse of Panel 1: for the gauges where there were lighter
colors in Panel 1, we see that those gauges now have darker colors, and vice versa.
Conceptually, this is to be expected as pluvials are the complementary events to droughts, and
mathematically this is to be expected since CEI is essentially the inverse of CDI (see section 2).
Hence, in locations where you have low duration floods, you tend to find higher duration
droughts. Panel 4 (lower right) shows us that the colors near and along the main stem, are the
opposite for those very same gauges in Panel 2. In other words, large severity-to-duration ratios
imply low spill-volume-to-pluvial-duration ratios. This is expected, as high drought severity in
one location would seem to imply a low spill volume in that same location. This inverse
relationship across most of the gauges between Panels 2 and 4 is then maintained even after
dividing the severity or spill volume by duration due to the inverse relationship between Panels 1
and 3. Interestingly enough, we find that streamflow gauges on or very close to the main stem
have longer pluvial durations, but according to panel 4 of Figure 5, also have less severe pluvial
events. The tendency for such sites is to experience extended pluvial events with low severity.
This makes sense, as the main stem of the river has lower variance than its tributaries, hence the
long pluvial events with lower severity. This four-panel map (Figure 5) nicely summarizes the
spatial distribution of the different regime-quantifying metrics across the gauges, and this was
needed in order to sort out the ambiguity inherent in Figure 4, where the gauges could not be
easily labeled to each of the curves.

When streamflow variability is greater or generally larger in magnitude, there is a greater

tendency towards extreme behavior, such as droughts and floods/pluvials. Figure 8, panel 1
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(top) shows the distributions of the coefficient of variation (standard deviation divided by mean)
for each of the eighteen gauges in the UMRB. For a given streamflow gauge, this was calculated
by taking each of the 3,000 strands in the posterior distribution of the reconstructed flows and
calculating the coefficient of variation (CV) for each of those 3,000 time series. This gives us
distributions, graphically represented as boxplots, for the CV for each of the eighteen sites.
Generally speaking, the streamflow gauges closest to the main stem, namely Landusky, Loma,
Fort Benton, Toston, Three Forks Madison, Three Forks Jefferson, Vaughn, McAllister and
Logan, all have CV distributions that are quite low in value according to Figure 8, top panel.
Vaughn is the furthest of all of these gauges from the main stem, and appears to have a CV
distribution with the highest values among all of these. This corresponds with the fact that sites
closest to the main stem tend to have shorter drought durations and less severe drought-of-record
and less severe pluvial events, as seen in Figure 5. In addition, the uncertainty levels in the
distributions for these CV values are the lowest of all. The only exception to this is Winifred,
which is close to the main stem as seen in Figure 1, but has large CV values and a CV
distribution with high uncertainty. A final point is that nearly all of the aforementioned
streamflow sites with low uncertainty in CV distributions and low CV values are sites for which
the reconstructions made use of sites immediately upstream whose flow fed into the site being
reconstructed, as discussed in Ravindranath et al (2019), and briefly mentioned in section 4.
Hence, a spatial aggregation of flows leads to a reduction in variability, at least in the
reconstruction.

Finally, persistence of dry or wet conditions is what chiefly contributes to drought and
flood conditions for rivers. Figure 8, panel 2 (bottom panel) shows a distribution of the

autocorrelation values for each of the eighteen streamflow sites under consideration in the
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UMRB. These distributions were generated in a similar way to the CV values in Figure 8, panel
1, with a maximum lag value of 1. The autocorrelation values give us an idea of persistence of
hydrological regime behavior. The sites with the highest autocorrelation values, and lowest
uncertainties in their autocorrelation distributions, are once again the sites closest to the main
stem: Landusky, Loma, Fort Benton, Toston, Vaughn, Three Forks Jefferson and Three Forks
Madison. These are sites that are also fed by upstream gauges. Evidently, the low degree of

persistence and variance is one reason for lower duration and intensity of the hydrologic regimes.

5.3 Dependence Relationship between Recovery and Duration Metrics

There is an important rationale behind defining the duration and recovery metrics
separately instead of considering their sum to be the duration of the entire drought period. This
reflects the fact that the peak of the drought phase passing and the cumulative deficit drawing
down is a symptom of water supply exceeding water demand. At this point, drought conditions
end and recovery back to a neutral state begins. Hence, it makes sense to consider the period
from the beginning of the dry phase up until the point at which the severity (S) is achieved to be

the drought duration, and the remainder of the time in the dry phase to be the recovery (R).

The importance in separating duration and recovery is demonstrated by examining the
joint dependency (distribution) of the two metrics. Figure 6 shows, for four different demand
fraction values of 0.81, 0.86, 0.91, and 0.96, estimated bivariate distributions for the log-
transformed (with respect to natural base) drought duration against the log-transformed recovery.
The bivariate densities are estimated from, and fit to, the scatterplot of the log-transformed data,
and are generated based on the clustering and scattering of these data points using a bivariate

kernel density estimator. These plots were created using the kde2d function in the locfit package
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in R software. These plots are only created for the Landusky streamflow gauge as an illustration.
For demand fraction a=0.81 (upper left plot of Figure 6), nonzero probabilities exist roughly
between 2-year and 12-year drought duration (horizontal axis), and 1-year and 7-year drought
recovery (vertical axis). This is essentially the support of the bivariate distribution
corresponding to this demand fraction. The bivariate distributions are plotted as level curves,
with the innermost curve representing a mode of the distribution. These modes obviously occur
whenever there is a significant clustering of duration/recovery data. For demand fraction 0.81,
the highest probability mass is placed on the roughly 5-year duration mark (i.e. 1.6 log-duration
units) and roughly 5-year recovery mark. Hence, an approximately symmetric dry phase with a
drought lasting 5 years and a recovery period lasting 5 years is most likely to occur when the
demand fraction is 0.81. This makes sense, as larger demand values tend to lead to longer
drought durations. But do longer drought durations necessarily tell us something about the time
to recovery? For demand fraction 0.81 for Landuskys, it is not clear that it does. The higher
probabilities are always placed on longer drought durations that are multidecadal in length, but
these probabilities masses are spread across the lower and higher recovery values fairly evenly

within the support of the distribution.

For a demand fraction of 0.86, the support of the bivariate distribution shrinks
considerably when compared to the demand fraction of 0.81, and the range over the drought
duration tends towards larger values than the previous demand level. However, we see a nearly
uniform amount of probability mass placed on each of the values within the support of the
bivariate distribution. Essentially, the distribution has shifted to the right, showing a preference
for larger values of drought duration. Additionally, the distribution has shifted up, implying

larger values of recovery. For the next demand fraction of 0.91, the distribution has an even
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narrower support, has shifted very slightly towards larger values of the drought duration and has
shifted up noticeably towards higher values of recovery. For the final demand fraction of 0.96,
the distribution has again shifted towards larger values of drought duration and larger values of
recovery. However, there is a greater spread across the drought duration values, resulting in a
wider support for this bivariate distribution when compared to the previous two. Hence, the
pattern appears to be that as the demand fraction grows, there is a tendency for the joint
distribution of the drought duration and recovery to slide to larger values of both metrics, and

both move in concordance with another, though there is more lag in the drought duration.

Finally, Figure 7 shows conditional probability distributions for the probability that the
recovery is less than some threshold value given that the duration is larger than that threshold for
a multitude of such threshold values (from O to 40 years). This choice of years corresponds to
the cycle lengths of the most common large-scale teleconnection climate patterns, namely the
interannual ENSO, the decadal NAO and PDO, and the multidecadal AMO, whose cycles are
typically around 30 — 40 years in length. In other words, we are looking at the likelihood that
recovery is swifter than the duration, given information about the duration of the drought. We
generate such a distribution for the same four demand fraction values for Landusky. We see two
primary features here: (1) there is a rightward shift of the probability curves as the demand
fraction increases, and (2) the persistence observed in the left tail of the plot intensifies and gets
longer as the demand fraction increases. For the first point, as the demand fraction increases, the
plausible threshold values for recovery must also increase, as more water is being withdrawn
from the river or reservoir, leading to longer recovery times. For instance, at a demand fraction
of 0.96, the likelihood of requiring fewer than 10 or 20 years to recover from a drought that is

longer than 10 or 20 years, respectively, is highly unlikely, as recovery would require more years
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at this demand fraction level. This also addresses the observance of the second feature listed.
Such conditional probabilities are a quick and easy way to aid water managers and planners in
making decisions about how to act or how far ahead to plan for major droughts. Such plots can
even serve as probability rule curves for decision-makers in the water resources business. Recall
from the introduction to this paper that droughts are typically much more costly than floods. In

that context, this type of information is vital.

6. Summary and Conclusions

This paper gave rise to a new way of characterizing, quantifying and identifying
hydrological regime behavior using novel, original metrics that are jointly dependent on the
supply-side as well as demand-side of streamflow activity. Additionally, this paper discussed the
importance of partitioning the dry phase of a regime cycle into two distinct sub-phases of
drought duration and recovery, investigated their regime behavior and joint dependency, and
exploited this joint dependency to develop a concept of conditional probability plots that water
managers can use to help plan and prepare for drought/flood events, which we identified as being
societally costly and traumatic events in the introduction. We developed seven metrics to
quantitatively define a particular aspect of regime behavior that can then be used as an analytical
tool on streamflow data, preferably reconstructed streamflow data, to understand the patterns of
regime behavior in the given data record. These metrics build on our ongoing efforts to advance
our understanding, quantification and prediction of hydrologic extremes and regimes,
particularly in creating a body of literature that looks at water demand as an integral part of the
analysis (Kim et al., 2018; Ravindranath et al., 2018; Ravindranath et al., 2016; Ho et al., 2016;

Etienne et al., 2016; Devineni et al., 2015; Chen et al, 2014; Devineni et al., 2013).
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Understanding the past relative to current and future demand is the only way to know the risks to
the water systems and what to expect in the future, making this a crucial element of water
resources management. The metrics introduced here allow us to: (1) calculate all dry regime
signals in given streamflow data relative to a chosen demand, thus creating a new, transformed
time series of the original data that gives us all basic characteristics of these dry spells, (2)
calculate all pluvial signals in a similar way to the dry signals by essentially just defining an
inverse to the first metric, (3) calculate the magnitude of the worst drought on record from metric
(1), (4) calculate the magnitude of the most extreme pluvial event on record from metric (2), (5)
calculate the length/duration (in years) of the most extreme drought phase, (6) calculate the
length/duration (in years) of the most extreme pluvial, (7) calculate the amount of time required
to evolve from the beginning of the worst drought in the record to the peak, or magnitude of that
drought. These metrics were applied to streamflow reconstructions of eighteen sites in the
UMRB (Ravindranath et al, 2019) as both a demonstration of how this method works on
reconstructed flows and what information it can give us, and as an interesting case study.

The results of the methodology developed and employed in this paper can be useful to a
next step in which we use the results about past hydrological behavior concerning drought and
pluvial events to simulate ensembles of future streamflow scenarios that can then be used
directly in a basin management process model. These models are in turn used to develop water
policies for now as well as the future. This is a project that the authors of this paper are planning
on tackling next. The authors would also like to spend some time exploring the utility of the

recovery metric, and its relationship with the drought duration metric, more thoroughly.
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Figure Captions

Figure 1: Two-panel plot depicting a synthetically simulated streamflow time series with a
constant water demand value as a flat horizontal line (panel 1), and the transformed time series
of CDI and CEI depicted as a bar and line plot to highlight the regime trends (panel 2). The CDI
values are depicted as red bars while the CEI values are depicted as blue bars. The yellow-
shaded box highlights the graphical illustration of the different regimes and metrics: dry regime
and pluvial, severity of dry regime (S), duration of dry regime (D), recovery from drought (R),

pluvial duration (Dp) and spill volume (V).

Figure 2: The top panel shows a map of the UMRB with all eighteen streamflow gauges, and is a
reprint of Figure 2 from Ravindranath et al (2019). The red triangles are the streamflow gauges
under consideration, which naturally form a network. The original 375 tree-ring chronology
sites are depicted as trees in the map. The bold blue curve is the main stem of the Missouri
River, while the thinner, lighter blue lines are tributaries and smaller order streams. The small
inset shows a map of the United States along with the location of the Missouri River Basin, with
the UMRB (upper portion of the basin) circled. The bottom panel shows an example of the
streamflow reconstructions for one site in the UMRB (Landusky), and is a reprint from Figure 4
of Ravindranath et al (2019). The boxplots represent the annual posterior distribution estimates
of the streamflow. The medians of these boxplots/distributions are considered to be the actual
reconstruction values when computing R?, and the 10-year lowess-smoothed red time series that
has been superimposed on the boxplots represents the trends in observed flows. The blue curves

are 10-year lowess-smoothed time series based on the boxplot medians.
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959  Figure 3: Distributions of each of six regime-defining metrics (peak dry regime duration, peak
960  dry regime severity divided by its duration and normalized by demand level, peak pluvial

961  duration, peak pluvial severity divided by its duration and normalized by demand level, recovery
962  and recovery-to-drought duration ratio) at each of the demand fraction values for the Landusky
963  streamflow gauge. These distributions are generated from the distributions of the streamflow
964  reconstructions by calculating each of these metrics at a particular demand level from each of the
965 3,000 values in the streamflow reconstruction distributions. The blue curve connects the point
966  values of the calculated metrics using the observed streamflow data at each of the demand

967  fraction values.

968

969  Figure 4: The median of the distributions of the type shown in Figure 3 for all eighteen of the
970  streamflow gauges in the UMRB. The distribution of each of the four metrics for each demand
971  fraction value was calculated for each streamflow gauge, just as in Figure 3. The medians of
972  these distributions were calculated and plotted together to create Figure 4.

973

974  Figure 5: The median values seen in Figure 4, for a demand fraction value of 0.91, are divided
975 into four quantiles based on their range of values, where each quantile interval is denoted by a
976  certain shade of red. The median values, shaded according to the quantile interval that they fall
977  in, are plotted as dots on the geographical coordinates of the streamflow gauge that they

978  correspond to on a map of the UMRB.

979

980  Figure 6: A series of kernel density bivariate distributions generated from information from the

981  scatterplot of the drought duration metric against the drought recovery metric. The points from
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993

994

the scatterplot are presented as clusters of gray dots on the bivariate density, which itself is

represented as a set of level curves. This plot is produced only for the Landusky gauge.

Figure 7: Conditional probability curves depicting the likelihood of recovery from a drought
being shorter than the drought duration with respect to a particular threshold value. Each color

in the plot corresponds to a demand fraction value.

Figure 8: Panel 1 shows the plot of the distributions of the coefficient of variation (CV) for each
of the eighteen streamflow gauges. These distributions are generated by computing the CV
corresponding to each of the 3,000 time series in the streamflow reconstruction distributions.
The CV value for the observed streamflow records are plotted as dots on the boxplot
distributions. Panel 2 shows same type of plot, but this time for the autocorrelation values

instead of the CV.
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