
Figure S1. Missouri River watershed regions WR1-6 contributions to total water year discharge at
Hermann, Missouri ( ), years 1960-2011. Map modified from Norton et al. (2014, their Figure 16).
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Why it is difficult to reconstruct water year discharge at HEMO:
Many small sub-basin contributions have to be considered



Figure S2. The candidate tree-ring network (896 chronologies) used to reconstruct water year
streamflow at HEMO. The network is divided into approximate upper (UMRB) and lower (LMRB)
basin sub-networks for screening to a much smaller subset of 'common' tree-ring predictors.

Many tree-ring chronologies are available, but not all will be useful.
Screening is required: 95% 1-tailed positive correlation used.
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Figure S3. ACE water year discharge estimates at HEMO compared to estimates based on the McCabe
water balance model (WBM). This comparison shows that the WBM estimates are sufficiently
accurate compared to ACE to be used as the target time series and it also goes back farther to 1901.

What is the best target streamflow series to use for calibration/validation?
McCabe WBM estimates are longer and appear to do an excellent job.

ACE appears to have underestimation bias in it as well.



Method of Reconstruction:
Principal Component Regression (PCREG)

• PCREG is a dimension-reducing regression method based on applying principal
component analysis (PCA) to the suite of M predictors over the N year calibration
to produce a reduced set of orthogonal predictors that contain most of the useful
information in the predictor data set. PCA is based on the correlation matrix here
to give each predictor equal weight. See Cook et al. (1999, Appendix A) for details.

• Besides dimension reducing, PCA deals efficiently with multi-collinearity among
the predictors that is frequently encountered when selecting a subset of tree-ring
predictors used to reconstruct the same variable.

• PCA transforms the intercorrelated set of predictors into a new set of orthogonal
predictors containing a decreasing level of common signal in their respective
principal components (PCs) as measured by their eigenvalues. These common
signals are loaded most highly the first M' leading PCs, where M'<M, but only a
subset of m' predictors may be entered into the regression model. M' is chosen
using the Kaiser-Guttman Eigenvalue-1 cutoff rule. This is the 'dimension-reducing'
aspect of PCREG.

• The orthogonality of the m' predictors entered into the model serves to stabilize
the regression model by eliminating multi-collinearity. The entry of variables in the
model is also simplified by ordering the variables for testing based on their simple
correlations with the predictand variable. The stopping rule for entering variables
might be based on the minimum AIC or t-test. Here a t=1.0 stopping test was used.



Table S1. Tests to determine the most robust set of “common” tree-ring predictors for 
reconstructing water year discharge for the Missouri River Basin at the HEMO gage 
(6934500) located at Hermann, Missouri. This determination was made by testing tree-
ring chronologies in the Upper and Lower Basins (see Fig. S1) separately for correlation 
with water year discharge over two equal length calibration periods (1901-1940 and 
1941-1980). Only those chronologies that were significantly correlated with HEMO 
discharge in exceedance of the 95% 1-tailed positive significance level were retained 
for calibration. The tree-ring chronologies that passed this screening in both calibration 
periods were then retained as “common” predictors, i.e. those with proven more stable 
relationships with discharge at HEMO over time. The validation statistics based on these 
“common” predictors also improved noticeably compared to those not based on this 
second level of tree-ring predictor screening, thus supporting its use here. 

LOWER MISSOURI RIVER BASIN – ALL 95% 2-TAILED SCREENED CHRONOLOGIES 

CALIBRATION NSER CRSQ CVRE VALIDATION VRSQ VRE VCE 

1901-1940 173 0.666 0.638 1941-1980 0.504 0.514 0.487 

1941-1980 116 0.696 0.663 1901-1940 0.678 0.676 0.662 

LOWER MISSOURI RIVER BASIN – COMMON 95% 2-TAILED SCREENED CHRONOLOGIES 

CALIBRATION NSER CRSQ CVRE VALIDATION VRSQ VRE VCE 

1901-1940 107 0.653 0.624 1941-1980 0.639 0.641 0.621 

1941-1980 107 0.700 0.667 1901-1940 0.679 0.672 0.658 

UPPER MISSOURI RIVER BASIN – ALL 95% 2-TAILED SCREENED CHRONOLOGIES 

CALIBRATION NSER CRSQ CVRE VALIDATION VRSQ VRE VCE 

1901-1940 180 0.625 0.590 1941-1980 0.260 0.220 0.178 

1941-1980 186 0.458 0.391 1901-1940 0.385 0.333 0.306 

UPPER MISSOURI RIVER BASIN – COMMON 95% 2-TAILED SCREENED CHRONOLOGIES 

CALIBRATION NSER CRSQ CVRE VALIDATION VRSQ VRE VCE 

1901-1940 76 0.633 0.599 1941-1980 0.353 0.305 0.267 

1941-1980 76 0.220 0.139 1901-1940 0.633 0.581 0.564 

FULL MISSOURI RIVER BASIN – ALL 95% 2-TAILED SCREENED CHRONOLOGIES 

CALIBRATION NSER CRSQ CVRE VALIDATION VRSQ VRE VCE 

1901-1940 458 0.796 0.776 1941-1980 0.544 0.555 0.531 

1941-1980 363 0.724 0.694 1901-1940 0.688 0.679 0.665 

FULL MISSOURI RIVER BASIN – COMMON 95% 2-TAILED SCREENED CHRONOLOGIES 

CALIBRATION NSER CRSQ CVRE VALIDATION VRSQ VRE VCE 

1901-1940 183 0.758 0.736 1941-1980 0.697 0.688 0.671 

1941-1980 183 0.668 0.632 1901-1940 0.766 0.760 0.750 

 

Table S1. Tests to determine the
most robust set of tree-ring
predictors for reconstructing HEMO
streamflow. Out of an initial set of
885 candidate predictors (Fig. S2)
screened for correlation with HEMO
streamflow (95% 1-tailed positive),
only 183 were found to have stable
correlations with HEMO discharge
over two independent calibration
periods. Use of these 183 "common"
predictors resulted in improved
validation statistics in all cases.



Figure S4. The final tree-ring network (183 chronologies) used to reconstruct water year
streamflow at HEMO. The selection was based on the results shown in Table S1 that retained
chronologies based on successful calibration in two equal-length, non-overlapping time periods.

Tree-Ring Network Used for reconstruction of HEMO Streamflow



Figure S5. The declining number and distribution of tree-ring chronologies from 1800 CE back to 1000 CE. Before
1400 CE the number and distribution of chronologies for reconstruction at HEMO is increasingly inadequate.



0

50

100

150

200

C
h

ro
n

o
lo

g
ie

s

183 Crns

39

8

69

A. Decreasing Chronologies Used in Reconstruction Nests

0.60

0.70

0.80

0.90

1.00

900 1000 1100 1200 1300 1400 1500 1600 1700 1800 1900 2000

C
o

rr
e

la
ti

o
n

B. Decreasing correlations with 1800-1980 reconstruction nest 1800-1980 Nest

Year

0.40

0.50

0.60

0.70

0.80

C
V

R
E

C. Decreasing Nested 1901-1980 Calibration Period CVRE

5 104

1 105

2 105

2 105

3 105

3 105

4 105

900 1000 1100 1200 1300 1400 1500 1600 1700 1800 1900 2000
Q

 (
C

F
S

)
Year

D. Pointwise 90% semi-parametric prediction errors

1360
CE

1590
CE

1360
CE

1590
CE

Figure S6. Evaluating HEMO nested reconstruction uncertainty. How far back in time can the reconstruction
be trusted? Probably as far back as 1360 CE based on what is shown in S6b (reasonably stable correlation
>0.85 from 1590 to 1360 with the best replicated 1800-1980 reconstruction nest) and S6c (reasonably
stable leave-one-out CVRE >0.65) even as the number of tree-ring chronologies declines from 69 to 39.
Before 1360 both measures of reconstruction stability systematically decline.



Figure S7. Tree-ring networks used to sequentially extend the HEMO reconstruction forward by 10-year
intervals from 1990 to 2020. The 2020 extension is clearly the weakest with respect to number available.
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   CALIBRATION   CRNS    MDIST    CRSQ    CVRE    VRSQ     VRE     VCE     RMSE¬1
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   1901 - 2010     71      488   0.723   0.711   0.723   0.723   0.723     0.016¬5
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Abstract

This paper presents simple large sample prediction intervals for a future response Yf given a vector xf of predictors when the
regression model has the form Yi =m(xi )+ ei where m is a function of xi and the errors ei are iid. Intervals with correct asymptotic
coverage and shortest asymptotic length can be made by applying the shorth estimator to the residuals. Since residuals underestimate
the errors, finite sample correction factors are needed.

As an application, three prediction intervals are given for the least squares multiple linear regression model. The asymptotic
coverage and length of these intervals and the classical estimator are derived. The new intervals are useful since the distribution of
the errors does not need to be known, and simulations suggest that the large sample theory often provides good approximations for
moderate sample sizes.
© 2006 Elsevier B.V. All rights reserved.

Keywords: Multiple linear regression; Prediction intervals

1. Introduction

Regression is the study of the conditional distribution Y |x of the response Y given the p × 1 vector of predictors x.

An important regression model is

Yi = m (xi ) + ei (1.1)

for i = 1, . . . , n where m is a function of xi and the errors ei are continuous and iid. Many of the most important
regression models have this form, including the multiple linear regression model and many time series, nonlinear,
nonparametric and semiparametric models. If m̂ is an estimator of m, then the ith residual is ri =Yi − m̂ (xi )=Yi − Ŷi .

Notation is needed for the population and sample percentiles. Let !" be the " percentile of the error e, i.e., P (e!!")=
". Let !̂" be the sample " percentile of the residuals, e.g., as computed by the R/Splus function quantile.

An important topic in regression analysis is predicting a future observation Yf given a vector of predictors xf where
(Yf , xf) comes from the same population as the past data (Yi, xi ) for i =1, . . . , n. Let 1−"2 −"1 =1−" with 0 < " < 1
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Maximum entropy ensembles for time series
inference in economics§
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Abstract

This paper uses three examples of potential interest to Asian economists to support a new tool for
statistical inference with time series data. In traditional theory, an ensemble V represents the ‘population’
behind the observed time series. Vinod [Vinod, H. D., 2004. Ranking mutual funds using unconventional
utility theory and stochastic dominance, Journal of Empirical Finance, 11(3) 2004, 353–377] proposed new
maximum entropy (ME) bootstrap to construct J (=999, say) elements of V for inference using a seven-step
algorithm designed to satisfy the ergodic theorem. The algorithm’s practical appeal to applied econome-
tricians is that it avoids all structural change and unit root type testing involving complicated asymptotics
and all shape-destroying transformations like de-trending or differencing to achieve stationarity. This paper
simplifies and speeds up the algorithm, extends it to panel data, discusses underlying assumptions and
formal properties including proving that it satisfies Doob’s theorem. We show that the constructed ensemble
elements retain the basic shape and dependence structure of autocorrelation function (acf) and partial
autocorrelation function (pacf) of the original time series.
# 2006 Elsevier Inc. All rights reserved.
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For HEMO based on PCREG I estimate uncertainties based on a combination of classical
regression Prediction Intervals coupled with the Maximum Entropy Bootstrap



MEBoot uncertainty estimation coupled with
regression prediction intervals was introduced in:
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s u m m a r y

Water wars are a prospect in coming years as nations struggle with the effects of climate change, growing
water demand, and declining resources. The Indus River supplies water to the world’s largest contiguous
irrigation systemgenerating 90%of the foodproduction inPakistan aswell as 13 gigawatts of hydroelectric-
ity. Because any gap between water supply and demand has major and far-reaching ramifications, an
understanding of natural flow variability is vital – especially when only 47 years of instrumental record
is available. A network of tree-ring sites from the Upper Indus Basin (UIB)was used to reconstruct river dis-
charge levels covering the period AD 1452–2008. Novel methods tree-ring detrending based on the ‘signal
free’ method and estimation of reconstruction uncertainty based on the ‘maximum entropy bootstrap’ are
used. This 557-year record displays strong inter-decadal fluctuations that could not have been deduced
from the short gauged record. Recent discharge levels are high but not statistically unprecedented and
are likely to be associated with increased meltwater from unusually heavy prior winter snowfall. A period
of prolonged below-average discharge is indicated during AD 1572–1683. This unprecedented low-flow
period may have been a time of persistently below-average winter snowfall and provides a warning for
future water resource planning. Our reconstruction thus helps fill the hydrological information vacuum
formodeling theHindu Kush–Karakoram–Himalayan region and is useful for planning future development
ofUIBwater resources in aneffort to close Pakistan’s ‘‘water gap’’. Finally, the river discharge reconstruction
provides the basis for comparing past, present, and future hydrologic changes, which will be crucial for
detection and attribution of hydroclimate change in the Upper Indus Basin.

! 2013 Elsevier B.V. All rights reserved.

1. Introduction

Pakistan is located in an extremely arid region, with an average
rainfall of less than 240 mm a year making it ‘‘one of the world’s
most water-stressed countries’’ (World Bank, 2005). The rapidly
growing population and economy are heavily dependent on water
from the Indus River Basin to supply the largest contiguous irriga-
tion system in the world that in turn yields 90% of the food produc-
tion in Pakistan (Qureshi, 2011). The overall basin consists of six
main rivers (the Indus, Jhelum, Chenab, Ravi, Sutlej, and Kabul)
originating from glaciers in the Karakoram and western Himalaya.
Collectively these rivers provide irrigation water to more than
16 million hectares of agricultural land and generate up to 13 giga-
watts of electricity through hydropower plants in Pakistan, India,
and Afghanistan (ICIMOD, 2010). Thus, as the Indus River Basin
goes, so goes Pakistan.

The Indus River itself contributes about 43% of the total annual
flow of the basin, and 72% of that discharge comes from the
‘‘Northern Areas’’ of Pakistan (Ahmed and Joyia, 2003). The latter
constitutes the Upper Indus Basin (UIB), which provides water
for the storage lake behind Tarbela Dam as the river emerges from
the mountains. This reservoir was primarily designed for irrigation
and provides canal irrigation water for a substantial fraction of
Pakistan’s agricultural production. It also has an installed hydro-
electric capacity of 3478 MW, which amounts to 49% of Pakistan’s
total hydroelectric power capacity (http://environmentdefenc-
er.wordpress.com/tag/tarbela-dam/). So without question, ade-
quate UIB discharge into Tarbela Reservoir is crucial to the
economic and social wellbeing of the people of Pakistan.

The potential vulnerability of Pakistan to changes in UIB
streamflow is indicated by recent events [or conditions]. In March
2012, the water level of Tarbela Reservoir dropped to ‘‘dead level’’
(http://tribune.com.pk/story/346909/water-in-tarbela-dam-touches-
dead-level/), the point at which useful water yield is zero, and
as of August 2012, the water level was still below normal due to
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Six Centuries of Upper Indus Basin Streamflow Variability
and Its Climatic Drivers
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Abstract Our understanding of the full range of natural variability in streamflow, including how modern
flow compares to the past, is poorly understood for the Upper Indus Basin because of short instrumental
gauge records. To help address this challenge, we use Hierarchical Bayesian Regression with partial pooling
to develop six centuries long (1394–2008 CE) streamflow reconstructions at three Upper Indus Basin gauges
(Doyian, Gilgit, and Kachora), concurrently demonstrating that Hierarchical Bayesian Regression can be used
to reconstruct short records with interspersed missing data. At one gauge (Partab Bridge), with a longer
instrumental record (47 years), we develop reconstructions using both Bayesian regression and the more
conventionally used principal components regression. The reconstructions produced by principal
components regression and Bayesian regression at Partab Bridge are nearly identical and yield comparable
reconstruction skill statistics, highlighting that the resulting tree ring reconstruction of streamflow is not
dependent on the choice of statistical method. Reconstructions at all four reconstructions indicate that flow
levels in the 1990s were higher than mean flow for the past six centuries. While streamflow appears most
sensitive to accumulated winter (January–March) precipitation and summer (May–September) temperature,
with warm summers contributing to high flow through increased melt of snow and glaciers, shifts in winter
precipitation and summer temperatures cannot explain the anomalously high flow during the 1990s.
Regardless, the sensitivity of streamflow to summer temperatures suggests that projected warming may
increase streamflow in coming decades, though long-term water risk will additionally depend on changes in
snowfall and glacial mass balance.

1. Introduction

The Indus River and its tributaries provide the main source of water for Pakistan’s vast irrigation network and
hydropower generation for its power grid in an otherwise arid to semiarid country. The river basin consists of
seven main rivers, the Indus, Kabul, Jhelum, and Chenab, known collectively as the western tributaries, and
the Beas, Ravi, and Sutlej known as the eastern tributaries (Zawahri, 2009). Of these, the Indus is the most
important as it contributes close to half of the overall discharge of the basin. The Indus River Basin is typically
divided into two sections, the Upper Indus Basin (UIB) and Lower Indus Basin. The UIB refers to the section of
the river above the Tarbela reservoir, an important source of water for Pakistan’s irrigation network and
hydropower potential (Rashid et al., 2018), and located on the main Indus before its confluence with other
major tributaries (Archer, 2003). The headwaters of the UIB originate in the upper reaches of the
Karakoram and Himalaya ranges. Approximately three fourths of UIB discharge is estimated to be a result
of melting snow and ice, while summer rainfall plays a smaller role in contributing to the total discharge
(Immerzeel et al., 2009). The interannual variability in UIB discharge is largely controlled by variability in
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Key Points:
• Tree ring reconstructions of

streamflow in the Upper Indus Basin
show wetter conditions in the 1990s
compared to the last 600 years

• Reconstructions are insensitive to the
choice of statistical method used
(principal components versus
Bayesian regression)

• Streamflow is most sensitive to
winter precipitation and summer
temperature, but anomalies in these
seasons cannot explain recent high
flow
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Shown to be comparable to Bayesian
Regression credible intervals in:



PPR can also easily estimate reconstruction uncertainties in two ways:
classical parametric prediction intervals and semi-parametric intervals based
on applying the maximum entropy bootstrap to the data. In either case, the
form of the prediction intervals is the same (see Olive, 2007):
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