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ABSTRACT
This study examines space–time patterns of summer daily rainfall variability across the Northeast United
States, with a focus on historical trends and the potential for long-lead predictability. A hidden Markov model
based on daily data is used to define six weather states that represent distinct patterns of rainfall across the
region, and composites are used to examine atmospheric circulation during each state. The states represent
the occurrence of region-wide dry and wet conditions associated with a large-scale ridge and trough over the
Northeast, respectively, as well as inland and coastal storm tracks. There is a positive trend in the frequency of
the weather state associated with heavy, regionwide rainfall, which is mirrored by a decreasing trend in the
frequency of stationary ridges and regionwide dry conditions. The frequency of state occurrences is also
examined for historical Northeast droughts. Two primary drought types emerge that are characterized by
region-wide dry conditions linked to a persistent ridge and an eastward-shifted storm track associated with
light precipitation along the coastline. Finally, composites of May sea surface temperature anomalies (SSTAs)
prior to summers with high and low frequencies of each weather state are used to assess long-lead predictability. These composites are compared against similar composites based on regional anomalies in low
streamflow conditions [June–August 7-day low flows (SDLFs)]. Results indicate that springtime SSTs, particularly those in the Caribbean Sea and tropical North Atlantic Ocean, provide some predictability for
summers with above-average precipitation and SDLFs, but SSTs provide little information on the occurrence
of drought conditions across the Northeast.

1. Introduction
Precipitation in the Northeast United States is generally less variable than other regions of the country
(Groisman and Easterling 1994). Consequently, the
impacts of precipitation variability and change on key
economic sectors like agriculture have received less attention than in regions like California, the Midwest, and
the Great Plains (Gowda et al. 2018). However, precipitation and streamflow in the Northeast have been
increasing over the last several decades (Kunkel et al.

Supplemental information related to this paper is available at
the Journals Online website: https://doi.org/10.1175/JHM-D-180252.s1.
Corresponding author: Kuk-Hyun Ahn, ahnkukhyun@
gmail.com

2013), particularly in the summer and in the frequency of
extreme events (Frei et al. 2015; Huang et al. 2018;
Huntington and Billmire 2014; Kunkel et al. 2013;
Peterson et al. 2013). These trends can lead to increased
flooding and exacerbate waterlogged conditions that are
detrimental to agricultural production (Wolfe et al.
2018). In addition, despite an increasing trend in regional precipitation, drivers of summertime climate in
the eastern United States are also becoming more variable (Li et al. 2012), and short-term droughts can cause
significant damage because stakeholders in the Northeast are ill prepared to manage their impacts. For example, the recent drought in 2016 caused crop failures
near 30% across large areas of rain-fed farmland and
significant monetary losses in the agricultural community (Sweet et al. 2017). Such droughts are projected
to become more common with climate change (Melillo
et al. 2014). As climate in the Northeast continues to
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change and become more variable, there is a need to
better understand the pathways that link large-scale
modes of atmospheric circulation to interannual variability in regional precipitation and hydrology. Such
knowledge would be particularly helpful if tailored
for the summer, to help develop long-lead (.1 month)
climate forecasts that could help promote adaptive
management in the agricultural and water sectors
under climate change (Hall et al. 2014; Steinschneider
and Brown 2012a).
The dynamical processes affecting precipitation and
streamflow in the Northeast vary by season. In the
summer, rainfall is often caused by frontal systems associated with extratropical storms traversing northern
New England and Canada, although there is a secondary
near offshore track influencing the coastal region (Agel
et al. 2015; Towey et al. 2018). These tracks are especially prominent during extreme rainfall events, which
are most intense during summer. Warm season rainfall
associated with elongated cold fronts, mesoscale convective systems, and highly localized convection are also
common, and are often associated with warm, humid air
masses from the Gulf of Mexico and tropical Atlantic
Ocean (Frei et al. 2015; Kunkel et al. 2012). However,
the most intense and widespread rainfall across the region is associated with infrequent tropical storms and
hurricanes.
The large-scale patterns of atmospheric circulation
that control variability in Northeast summertime precipitation vary across the associated rainfall mechanisms
described above, and many have been previously identified through weather typing (Agel et al. 2018, 2019;
Marquardt Collow et al. 2016). During widespread
heavy rainfall events associated with extratropical
storms, a west–east dipole of low and high surface pressure over the Plains and Great Lakes travels eastward and
advects moisture into the Northeast from the Gulf of
Mexico, while divergence aloft promotes convergence,
vertical motion, and enhanced rainfall (Marquardt
Collow et al. 2016). Agel et al. (2018) identified a similar
synoptic-scale dipole event, but also identified separate,
isolated troughs and ridges associated with nontropical
regional extremes. During tropical storm events, a low
pressure system originates farther south and often traverses north along the coastline (Marquardt Collow
et al. 2016). Even in the absence of storm events, summertime rainfall can be enhanced or suppressed by
larger-scale mechanisms affecting mean flow moisture
advection over the region. For instance, Li et al. (2012)
demonstrated that variations in the western ridge of
the North Atlantic subtropical high (NASH) control
regional low-level moisture transport over the eastern
United States, such that a southwest (northwest) shift in
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the western ridge position leads to wet (dry) conditions
over much of the region. Building from these results,
Carter and Steinschneider (2018) recently showed that
west–east variations in the position of the NASH are
related to late spring and early summer rainfall anomalies over the northeastern United States and Canada
that can contribute to flooding in the Great Lakes.
There is an ongoing debate regarding whether any of
the circulation patterns above are forced by underlying sea surface temperature anomalies (SSTAs) or other
boundary conditions that would enable effective seasonal forecasts of summer rainfall in the Northeast.
Several empirical studies have suggested such forecasts
are possible. For instance, Steinschneider and Brown
(2011) found that summertime low flows in the Connecticut River basin were significantly related to the
springtime North Atlantic Tripole (NAT), an SSTA
pattern composed of three lobes with one centered off
the eastern coast of the United States and the other two
bounding the first with an extended reach from the coast
of Florida to an area south of Greenland. Further work
suggests that extended forecasts (1–3-month lead) of
low flows based on the NAT are possible across the
Northeast (Ahn et al. 2017; Steinschneider and Brown
2012b). The NAT has previously been shown to represent the SST response to a winter NAO (Marshall et al.
2001) and midtropospheric height anomalies off the
eastern coast of Newfoundland in the spring (Seager
et al. 2012). It has also has been linked with feedbacks on
atmospheric circulation in the spring (Peng et al. 2002)
and summer (Gastineau and Frankignoul 2015; Ossó
et al. 2018). These feedbacks provide a physical basis for
the NAT forecast signal in the Northeast, and a possible
explanation for empirical studies that have also found
significant relationships between the wintertime NAO
and Northeast summertime streamflow indices (Armstrong
et al. 2014; Berton et al. 2017; Coleman and Budikova
2013). In addition, variations in the spring NAT have been
linked to variability in the position of the NASH western
ridge (Doering and Steinschneider 2018). Modeling experiments have shown that warm waters in the tropical
Atlantic lobe of the NAT (i.e., the Atlantic warm pool) can
incite a Gill-type sea level pressure response (Gill 1980)
over the Gulf of Mexico that weakens the NASH and
displaces its core to the southwest (Kushnir et al. 2010;
Schubert et al. 2009; Seager and Hoerling 2014; Wang et al.
2008, 2007, 2010; Weaver et al. 2009). This response could
form part of the feedback between the spring NAT and
summer atmospheric flow that underscores the observed
seasonal forecast skill in the Northeast.
However, in contrast to the empirical studies above,
model-based assessments of seasonal predictability
across North America have been unable to identify any
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robust signals over the Northeast (Schubert et al. 2009;
Wang et al. 2010; Wang and Schubert 2014). Seager et al.
(2012) focused explicitly on the Catskill region in the
Northeast, and was unable predict any precipitation
anomalies during the last half century using a multimodel ensemble forced with historical SSTAs. They
concluded that past droughts and pluvials in that region
were therefore the result of internal atmospheric variability with little to no potential for seasonal predictability. One potential explanation for these conflicting
results is that many of the empirical studies above were
primarily based on streamflow records, rather than
precipitation. There is therefore the potential that predictability was overstated due to the effects of hydrologic memory. That is, the springtime Atlantic signal
linked to the winter NAO and spring NAT could have
affected springtime precipitation, which then influenced
streamflow in the following summer, rather than influencing summertime storm tracks and atmospheric moisture directly. Alternatively, the model-based results could
differ from empirical studies because they are not sufficiently targeted toward Atlantic SSTA influences on the
Northeast region in the summer. For instance, Seager
et al. (2012) only assessed annual precipitation predictability in the Catskills region. Many other model-based
studies (Schubert et al. 2009, 2016; Wang et al. 2010;
Wang and Schubert 2014) focus on annual precipitation
responses to major modes of climate variability like the
El Niño–Southern Oscillation (ENSO), Pacific decadal
oscillation (PDO), and Atlantic multidecadal oscillation (AMO), or on seasonal responses in other regions
of North America with more variable precipitation. In
addition, some modeling results have shown spatial
biases in coupled oceanic–atmospheric dynamics related
to the NAT signal, which also might degrade modelbased forecasts based on the NAT (Hu and Huang 2007).
This paper contributes an empirical study of antecedent, large-scale climate conditions that precede summertime [June–August (JJA)] droughts and wet periods
in the Northeast with a focus on long-lead predictability.
The overarching goal of this work is to better determine
the source and strength of the empirical forecasting signal
of regional-scale summer precipitation patterns over the
Northeast based on antecedent SSTAs, with an emphasis on the Atlantic basin. Building from the work in Agel
et al. (2018) and Marquardt Collow et al. (2016), we employ a hidden Markov model (HMM) to identify weather
types of summertime climate associated with space–time
patterns of daily precipitation across the Northeast. Our
approach advances past weather typing analyses in the
Northeast in several ways: 1) we focus exclusively on the
summer; 2) we assess weather patterns associated with
all precipitation, not just extreme events, providing a
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more relevant analysis for both drought and pluvials;
and 3) we use an HMM to identify weather patterns as
latent states that are inferred from space–time patterns
in the underlying precipitation data, rather than directly
from larger-scale synoptic fields. After the states are
identified, we establish their association with large-scale
atmospheric circulation, evaluate the seasonality and
long-term trends of state occurrences, and assess their
frequencies during past droughts events. We then
present a novel assessment of seasonal forecast potential
targeted toward the weather states using composites of
springtime SSTAs that precede each weather type. A
similar analysis is conducted for JJA 7-day low flows in
the Northeast, and these results are compared to determine whether precipitation-derived weather regimes
and low flows share similar forecasting signals, and if
so, which weather states are best associated with these
signals.

2. Data
Daily precipitation data for 93 meteorological stations
are used in the HMM analysis (Fig. 1). Precipitation
observations for 60 years between 1958 and 2017 are obtained from the Global Historical Climatology Network (GHCN) daily dataset (https://www.ncdc.noaa.gov/
ghcn-daily-description; Menne et al. 2012). Stations are
selected based on the following two criteria: 1) they are
located in the Northeast United States, defined here as
including Pennsylvania, northern New Jersey, New York,
Connecticut, Massachusetts, Rhode Island, Vermont, New
Hampshire, and Maine, and 2) they have no more than
552 missing values (i.e., 10% of the entire period) in the
daily summer record over 60 years. We also use the CPC
Unified Gauge-Based Analysis of Daily Precipitation
gridded dataset (Chen et al. 2008) for composite analyses and to define antecedent precipitation conditions
for the study watersheds.
Daily streamflow data at 52 U.S. Geological Survey (USGS) streamflow gauges (Fig. 1) throughout the
Northeast are acquired from the Geospatial Attributes
of Gages for Evaluating Survey (GAGES II) database
(Falcone et al. 2010). Two screening procedures are
applied in gauge selection: 1) only ‘‘reference gauges’’ in
GAGES II that are relatively unaltered by anthropogenic activity are selected, and 2) all gauges have no
missing values over the summer period (JJA) from 1958
to 2017. Seasonal 7-day low flows (SDLFs), defined here
by the lowest 7-day mean streamflow in each JJA season, are calculated for each gauge to quantify extreme
low-flow conditions in each summer.
To explore large-scale atmospheric circulation during
each weather state, we collect daily mean geopotential
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FIG. 1. Location of the selected 93 rainfall gauges, 52 streamflow gauges, and 18 3 18 grid for CPC precipitation in
the Northeast.

heights and vertical and meridional wind speed anomalies between 1958 and 2017 from the National Center for
Atmospheric Prediction– National Centers for Environmental Prediction (NCAR–NCEP) Reanalysis 1 project
(Kalnay et al. 1996). We extract 850- and 300-hPa height
anomalies to characterize lower- and upper-level flow,
and also calculate vertically integrated water vapor
transport (IVT) to characterize moisture availability:
IVT 5
IVTu 5
IVTy 5

qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
IVT2u 1 IVT2y ,

(1)

ð 300

uq
dp,
1000 g

and

(2)

ð 300

yq
dp .
1000 g

(3)

Here, u and y are daily mean zonal and meridional wind
speeds, q is daily mean specific humidity, p is pressure
level, and g is the standard acceleration of gravity
(9.8 m s22). Daily SSTAs are collected from the Extended Reconstructed Sea Surface Temperature version
5 dataset (ERSSTv5; Huang et al. 2017). The reanalysis
and SSTA data are selected to ensure our results are
robust over a relatively long record. However, we also
collect the atmospheric data mentioned above from
ERA-Interim (Dee et al. 2011) over a shorter period
(1979–2017) to verify the results of the analysis.

3. Methodology
a. Hidden Markov model
HMMs are a doubly stochastic model in which the
daily probability of rainfall occurrences across a network of gauges is conditioned on a small number of
latent (i.e., unobservable) states that are modeled as a
Markovian process (Thyer and Kuczera 2000; Robertson
et al. 2004, 2006). Let Rt 5 (R1t , R2t , . . . , RIt ) be a vector
of precipitation occurrences on day t(t 5 1, . . . , T) for a
network of I precipitation stations (T 5 5520 and I 5 93 in
this study). Let the observed value Rit 5 1 if rain occurs
on day t at station i and Rit 5 0 otherwise. Here, rainfall occurrence is defined for any nonzero amount. The
probability of rainfall occurrence at each precipitation
gauge is assumed to vary across H latent weather states,
St 2 f1, 2, . . . , Hg, and the occurrences in time t are only
dependent on the current weather state St :
P(Rt jS1:t , R1:t21 ) 5 P(Rt jSt ) .

(4)

In addition, the hidden state process S1:T is assumed to
follow a first-order Markovian process:
P(St jS1:t21 ) 5 P(St jSt21 ) .

(5)

This process is modeled using a homogeneous H 3 H
transition probability matrix. In addition, precipitation
occurrences at each station at time t are assumed to be
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independent of observations at other stations at time t,
after conditioning on the hidden state:
I

P(Rt 5 djSt 5 h) 5

I

P P(R 5 djS 5 h) 5 P P
i
t

i51

t

i51

hid

,

(6)

where d 2 f0, 1g, each Phid 2 [0, 1], and Phi0 1 Phi1 5 1.
The probabilities of rainfall occurrence within each
state, daily sequence of states, and the transition probabilities between states are inferred using the historical
record of daily rainfall occurrences. The parameters
of the model are estimated using the expectation–
maximization algorithm (EM), an iterative maximum
likelihood method (Celeux and Govaert 1992). The
most probable sequence of states is estimated using the
Viterbi algorithm (Rabiner 1989). These analyses are
conducted using the depmixS4 package in the R programming language (Visser and Speekenbrink 2010).
The inferred sequence S1:T is then analyzed to examine
how spatial patterns of precipitation occurrence have
varied over time, including their average progression
during the summer season, trends across the entire 60-yr
record, and observed frequencies during major droughts.

b. Composite analysis for summer/spring
teleconnections
Composites are used to characterize the relationship
between large-scale atmospheric–oceanic circulation
patterns and the HMM states to identify underlying
teleconnections. We first composite lower (850 hPa) and
upper (300 hPa) level geopotential height, IVT, and
precipitation anomalies for all days assigned to each
weather state. Detrended May SSTAs are then composited over the 10 years with the highest and lowest
frequencies of occurrence for each state. We use May
SSTAs to focus our analysis on late spring conditions,
although results are not significantly different when
based on March–May (MAM) SSTAs. Statistical significance of the SSTA composites are tested using a twosided bootstrapping test with 1000 samples (Efron 1992).
We also explore whether SDLFs in the Northeast
have similar spring forecasting signals to those for the
precipitation states. To eliminate the effects of spring
hydrologic memory on summer low flow, SDLFs at each
gauge are first regressed against several proxies for antecedent conditions, including May streamflow, April–
May CPC precipitation, and May CPC precipitation
averaged within the watershed boundaries for each
gauge provided by GAGES II. While soil moisture is
arguably the best measure of antecedent moisture, it is
not considered here due to limited data availability over
the study domain and period of analysis. The proxy that
best explains SDLFs across the region is selected, and

FIG. 2. The BIC for 2–30 hidden states in the HMM. The BIC at six
states is highlighted.

the space–time variability of the regression residuals
using that proxy are then summarized using empirical orthogonal function (EOF) analysis and a Varimax
rotation (Horel 1981). The rotated EOFs (REOFs)
provide a more localized representation of SDLF variability across the Northeast compared to the original
EOFs. Similar to the analysis for the weather states, May
SSTAs are composited over the 10 years with the highest
and lowest values of the rotated principal components
(RPCs). These composites are compared against those
for the weather states to determine the level of agreement between the effects of springtime SSTAs on patterns of summertime low flows and precipitation.

4. Results
a. HMM states of summer daily precipitation
To determine the appropriate number of weather
states, Fig. 2 shows the Bayesian information criterion
(BIC) for the HMM fit with H 5 2, . . . , 30 states. Very
similar results are seen if the Akaike information criterion (AIC) is used (see Fig. S1 in the online supplement). As the number of states increases, the penalized
likelihood metrics continue to monotonically decline
until around 20 states, although most of the decline occurs by H 5 15. This suggests that a large number of
states are needed to effectively explain the variability in
the daily precipitation occurrence data, which is likely
due to the heterogeneity of summer precipitation.
However, the goal of this study is to diagnose variability
in larger-scale summertime rainfall events. We therefore select six states as a manageable number for diagnostic analysis that captures most of the gains in terms
of the BIC and AIC metrics. This choice is further
supported by the work in Agel et al. (2018, 2019), who
also found that six states were appropriate for weather
classification in this region.
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FIG. 3. Map of the probability of precipitation occurrence for each of the six states.

Precipitation occurrence probabilities and the corresponding daily precipitation intensities by state are
presented in Figs. 3 and 4, respectively. Table 1 shows
the transition probability matrix between states. Rainfall occurrence and intensity show very similar patterns,
with less rainfall in states 1–3 and more in states 4–6.
State 1 represents relatively dry conditions across the
entire northeastern United States (near-zero probability at all stations), and is by far the most frequent and
persistent state (Table 1). State 2 shows moderate
probabilities of precipitation occurrence along the
western part of the Northeast region, with greatest
rainfall occurrence and amounts arcing from western
Pennsylvania into upstate New York. State 4 shows a
very similar pattern, but with much higher occurrence
probabilities and intensities, suggesting that state 4 is a
more intense version of the same storm track represented in state 2. A similar pattern is seen for states 3 and
5. State 3 is associated with precipitation that is oriented
farther along the coast, particularly in northern New
England, while state 5 is an intensification of this pattern
that also extends farther into southern New England.
The transition probability from state 2 to state 4 is higher
than the persistence in state 2, suggesting that most often
state 2 represents precipitation at the forward end of a
storm track that becomes more intense under state 4.
Similarly, state 5 most often transitions into state 3,

suggesting that intense precipitation along a coastal
storm track weakens the next day and transitions farther
to the north along its path across the Northeast. Overall,
states 2–5 represent a clear east–west dipole in precipitation over the region, and align well with the inland
versus coastal daily precipitation patterns and storm
tracks identified by Agel et al. (2015). State 6 represents
the wettest state across the Northeast. Although state 6
occurs in 15.4% of the entire record, it accounts for
46.7% of total summertime precipitation across the
Northeast. Taken together, states 4–6 occur 44.1% of the
time but account for 85.3% of total precipitation. Finally,
we note that the standard deviation of rainfall occurrence
probabilities across years is relatively constant (between
0.1 and 0.3) for most states and sites, besides very low
variances in state 1 (Fig. S2), while the states with greater
average intensity generally exhibit more variance in that
intensity from year to year (Fig. S3).
Given the results for the BIC and AIC, we also examined precipitation patterns under 15 states, and found
that the primary patterns presented in Figs. 3 and 4
do not substantively change (Fig. S4). Almost all of the
15 states exhibit spatial patterns in precipitation occurrence that are strongly associated with one of the six
states, although with moderate differences in the precise spatial orientation and probability of occurrences.
These results further support the choice of six states as a
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FIG. 4. Map of the average precipitation intensity (mm) for each of the six states.

parsimonious clustering of major precipitation patterns
across the Northeast.
Figure 5 shows the total number of state occurrences
summed for each calendar day of the summer (1 June–
31 August) across the 60-yr record, along with its 14-day
moving average. The overall frequencies of states 2–5
are relatively constant across the summer, although
states 2 and 3 show a small increase toward the middle of
the season. The frequency of state 1 shows a more pronounced increase in the month of August, while the
frequency of state 6 consistently decreases from the
latter part of June. This indicates that regional-wide
precipitation generally decreases throughout the summer,
and is likely associated with the reduction of large-scale
extratropical storm systems impacting the Northeast as
the jet stream migrates farther north over the season.
Interannual JJA variability in state frequency is presented in Fig. 6, with similar results presented by month
in Figs. S5–S7. A trend line is added if the p value of the
slope is significant (,0.05) based on a Mann–Kendall
test (Kendall 1955; Mann 1945). Most states exhibit no
clear trend in the frequency of occurrence over the 60-yr
record. However, state 1 exhibits a significant downward
trend over the study period that is mirrored by an upward trend in state 6. The interannual frequencies of
these states are also significantly correlated (Pearson
r 5 20.59). Further analysis shows that the upward
trend in state 6 is primarily from trends during June and

July, while the downward trend in state 1 is most prominent in June (see Figs. S5–S7). Also noteworthy, the
variance of the frequency of state 6 in August has become
much greater in the most recent twenty years (s2 5 5:72 in
1998–2017) compared to the first 20 years (s2 5 2:42 in
1958–77). Taken together, these results suggest that largescale rainfall patterns are becoming more frequent in the
Northeast, and potentially somewhat more variable, consistent with past work (Frei et al. 2015; Melillo et al. 2014).

b. Weather state frequency during major droughts in
the Northeast
The Northeast has experienced past summertime
droughts in the mid-1960s (1963–65), 1991, 1993, 1995,
TABLE 1. Transition probabilities and total counts for the six states
in the HMM. The self-transitions are presented in bold.
To state
1

2

3

4

5

6

From state
1
2
3
4
5
6

0.477
0.154
0.375
0.076
0.203
0.121

0.188
0.183
0.125
0.134
0.112
0.056

0.106
0.082
0.221
0.106
0.256
0.215

0.145
0.262
0.115
0.204
0.103
0.103

0.040
0.118
0.087
0.179
0.209
0.233

0.044
0.222
0.077
0.301
0.117
0.272

Total counts

1456

762

867

853

727

855
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FIG. 5. The number of state occurrences for each calendar day of the year (from 1 Jun to 31 Aug) summed across the 60-yr record, along
with its 14-day moving average (black line).

1999, 2002, and 2016 (Andreadis et al. 2005; Coble et al.
2017; Hayhoe et al. 2007; Pederson et al. 2013). Many of
these dry periods are reflected in variations in the frequencies of states 1 and 6, but are also manifest in the
frequencies of other states (Fig. 6). To further investigate
weather patterns during past droughts, the differences in
JJA state frequencies from climatology are shown for
the drought years listed above (Fig. 7). The percentage
of dry station-days (i.e., percentage of dry days across all
days and stations) for each drought year is also shown.
Overall, drought years are dominated by an increased
frequency of states 1–3 and decreased frequency of
states 4–6. However, each drought can exhibit its own
flavor of state frequencies that dictates the depth and
spatial distribution of drought conditions. For instance,
droughts in 1991, 1995, and 2002 were dominated by an
increase in state 1 occurrences and a decline in the occurrence of the states 4, 5, or 6, which are the wettest
states across the Northeast. Accordingly, these droughts
exhibited a high percentage of dry station-days (on average, 1.75 standard deviations above the long-term
mean). The 1960s drought exhibited a much different

pattern. In 1963, the frequencies of states 1, 5, and 6 were
near average, while states 3 and 4 were anomalously
frequent and absent, respectively. This suggests that
1963 was dominated by light rainfall over the northeast
portion of the region and very few heavy rainfall events
in the west. 1964 showed an even larger increase in state
3 occurrences, but exhibited a significant decline in both
states 1 and 6. Both 1963 and 1964 exhibited a somewhat
lower percentage of dry station-days (on average, 0.65
standard deviations above the long-term mean), at least
compared to 1991, 1995, and 2002. In 1965, occurrences
of both states 1 and 2 were somewhat above average,
while state 6 was noticeably absent. Similar to 1964, state
3 in 1999 occurred very frequently, primarily at the expense of states 4–6. Finally, 1993 and 2016 showed the
least anomalous state frequencies, in part because these
droughts did not extend across the entire summer season. The drought in 1993 did not begin until the middle
of the summer, while August rainfall linked to higher
rates of state 4 began to alleviate drought conditions in
2016. In addition, for the 2016 event, hydrologic drought
conditions were enhanced because of anomalously higher
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FIG. 6. The number of state occurrences for each summer (JJA). The trend line is presented if a Mann–Kendall test has a p value , 0.05.

temperatures and extremely low snowfall throughout the
2015/16 snow season (Sweet et al. 2017).
While the results in Fig. 7 suggest that summer
drought conditions in the Northeast can arise due to a
multitude of precipitation patterns across the region,
two primary patterns stand out. The first is an increase of
the frequency of state 1 and a decline in states 4–6 (1991,
1995, 2002), and is associated with widespread declines
in precipitation across the entire Northeast. The second
is better described as a shift to more frequent occurrences of light precipitation at the expense of heavy
precipitation events (1963–65, 1999), particularly more
frequent occurrences of state 3, which suggest that storms
are being diverted farther east along the coastline and are
more often impacting northeast New England than the
central portion of the Northeast.

c. Atmospheric circulation and antecedent SSTAs
Figure 8 shows composites of 850-hPa geopotential
height and IVT anomalies averaged for all days in states
1–6. These composites are extremely similar if based on

ERA-Interim data over the shorter period between 1979
and 2017 (not shown). During state 1, the northeastern
United States is situated directly under the eastern part of a
large anticyclonic circulation centered on Pennsylvania,
with descending air and anomalous northerly flow suppressing precipitation across the entire region. During
state 2, the low-level anticyclone is weaker and shifted to
the east. Southerly flow along the western edge of the
low-level high delivers moderate amounts of precipitation to the Ohio River basin, with small rainfall anomalies entering the western portion of the Northeast.
During state 4, the low-level high along the eastern U.S.
coast weakens from that in state 2, but a strong low
pressure system over the Great Lakes strengthens the
southerly flow from the Gulf of Mexico and shifts it
farther eastward, increasing precipitation across the
Ohio River basin into western Pennsylvania and New
York. The high transition probability from state 2 to
state 4 (see Table 1) suggests that states 2 and 4 represent the evolution of the west-to-east extratropical
storm track that traverses the northern portion of the
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FIG. 7. The number of state occurrences in JJA for drought years in the Northeast, shown as a difference from the climatological average number
of state occurrences and 61 standard deviations (whiskers) for each state. The percentage of dry station-days across all JJA days and stations for each
year is presented in parentheses. The mean and standard deviation of dry station-days across 1958–2017 is 62.9% and 3.99%, respectively.

Northeast, similar to that identified by Agel et al. (2015).
In addition, it is most common for state 4 to transition
into state 6, where the low-level low pressure system
is situated directly over the Northeast and rainfall is
widespread. Therefore, state 6 also seems most often
associated with this west-to-east storm track, and represents the time when such storms are having their
greatest impact on precipitation across the Northeast.
However, it is important to note that state 6 also includes
other events that are unrelated to this extratropical
storm track, for instance tropical storms and hurricanes
(not shown). During state 3, a low pressure system is
situated over northeastern New England, enhancing
convergence and precipitation in that region, while a
high-pressure center over the Ohio River basin suppresses precipitation farther to the west. The low pressure
system is elongated and located farther to the southwest
during state 5, bringing heavier rains across the coastal
region. The positive transition probability from state 5 to
state 3 suggests that the storm track for this low pressure
system often migrates northeast along the coast, consistent with the coastal storm track identified in Agel et al.
(2015). Taken together, Fig. 8 and the transition probabilities in Table 1 suggest that the six weather states represent two major storm tracks: 1) an extratropical track

along the northern portion of the Northeast (states 2, 4,
and 6), and 2) a coastal track that primarily impacts rainfall
in the eastern portion of the region (states 3, 5). By virtue
of the HMM algorithm, however, other events unrelated
to these tracks are also clustered into these states.
To determine whether the synoptic-scale circulation
patterns for each weather state are forced by SSTAs,
Fig. 9 presents composites of detrended May SSTAs for
the summers with the 10 lowest and highest frequencies of each state. Composites of 300-hPa geopotential
heights for all days in those same summers are also
shown. Several insights emerge from this figure. First,
for state 1, the SSTA pattern is asymmetric across low
and high occurrence years. A significant springtime cold
anomaly in the eastern Caribbean and north tropical
Atlantic Ocean precedes summers with very few state 1
occurrences. There are also positive (albeit statistically
insignificant) SSTAs off the eastern coast of the United
States and a cold anomaly south of Greenland, consistent with a positive NAT pattern. Furthermore, there
is a clear upper-level wave train across North America
with a trough/ridge pattern straddling the Northeast
and an anomalous trough over the subtropical Atlantic.
However, no significant SSTAs precede summers with a
large number of state 1 occurrences, while an upper-level
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FIG. 8. Composite analysis for a given weather state, including rainfall standardized anomalies over the contiguous United States,
positive (red) and negative (cyan) 850-hPa geopotential height standardized anomalies (contours), and IVT standardized anomalies
(arrows). Contour interval is 0.1 standard deviations.

ridge over much of the Northeast and southeastern
Canada appears inside an extratropical wave packet
without clear links to the subtropics or tropics. This
suggests that severe droughts over the Northeast, during
which state 1 events are frequent, are not well predicted by
antecedent SSTA conditions and tropical or subtropical
forcing. Rather, these events appear linked to a localized and persistent ridge that occurs due to internal atmospheric variability, in line with the argument of
Seager et al. (2012). However, the absence of drought
conditions (i.e., few state 1 occurrences) appears related to
antecedent SSTAs in the tropical North Atlantic that may
contribute to a larger-scale wave train that enhances divergence aloft near the northeastern United States.
In summers with very few state 6 occurrences, significant positive May SSTAs emerge in a similar location to
those for low state 1 occurrences (eastern Caribbean and
north tropical Atlantic). When state 6 occurs frequently, a
cold springtime SSTA pattern is observed that resembles
the pattern for years with few state 1 occurrences,
although the SSTAs are more squarely situated in the

Caribbean Sea. There is also a warm anomaly southeast
of Newfoundland, which presents weakly in the composites
for low state 1 occurrences. The upper level height anomalies during summers with the greatest and fewest state 6
occurrences are very similar to those for state 1, albeit with
the patterns reversed. However, unlike state 1, the SSTAs
for state 6 are somewhat more symmetric across the lowestand highest-frequency years.
For summers with a high frequency of state 5, SSTAs
are similar to those associated with low state 1 frequencies, although the lobe in the tropical Atlantic is situated
farther to the east. In addition, central and northern
Atlantic lobes of SSTAs (reflective of a positive NAT
event) are statistically significant. When state 5 is less
frequent, the Atlantic SSTA signal weakens, but there is a
more prominent dipole in the Pacific with a positive nearequatorial SSTA pattern reminiscent of a central Pacific
ENSO event (Kao and Yu 2009). There also appears to
be a wave train emerging from the equatorial Pacific,
with a ridge located to the west of the Northeast that may
suppress precipitation under its eastern flank.
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FIG. 9. Composite maps of detrended May SSTAs for summers with the 10 lowest and highest frequencies of each state. Statistically
significant SSTAs are shown with stippling. Composites of positive (red) and negative (cyan) 300-hPa geopotential height standardized
anomalies (contours) for all days in each set of 10 years are also shown. Contour interval is 0.1 standard deviations.

We note that when considering the entire domain over
both Pacific and Atlantic sectors, the results above are
not field significant at the 0.05 level using a false discovery rate approach (Wilks 2006). This may indicate
that the SSTA patterns for states 1, 5, and 6 are not distinguishable from random noise. However, if the domain is
reduced to individual ocean subbasins, these signals become field significant. Coupled with their consistency with
climate model-based results (discussed later), this suggests
that the number of years of data may be too short or the

strength of the signal not strong enough to detect field
significance over the larger Pacific–Atlantic domain.
Most of the other states have less clear associations
with antecedent SSTAs, with a few exceptions. High
frequencies of state 2 appear strongly linked to warm
SSTAs in the Gulf of Alaska, while high frequencies of
state 3 are associated with an eastern Pacific La Niña
event. Low frequencies of state 4 may be weakly associated with a negative PDO. Overall though, these patterns are less distinct than those for states 1, 5, and 6,
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FIG. 10. (a) The R2 between 7-day low flows and May basin rainfall, and (b) R2 between residuals obtained in (a) and JJA basin rainfall. Statistical significance at the 95% level is shown by
light blue shading. Loadings of the (c) first and (d) second rotated EOFs for the residuals from (a).

and besides state 3, have less association with tropical
and subtropical SSTAs that are thought to provide
the strongest boundary forcing for seasonal forecasts
(Trenberth et al. 1998). Taken together, the primary
results suggest that warm waters in the Caribbean Sea
and north tropical Atlantic tend to reduce the likelihood
of regionally widespread precipitation events across the
Northeast, while cold waters in this region reduce the
likelihood of widespread rainfall deficits. The asymmetry in the SSTA patterns across states indicates that
predicting major droughts (i.e., high frequencies of state
1) with antecedent SSTAs may not be possible, but there
may be potential to predict the likelihood of wet conditions (i.e., high and low frequencies of states 5 and 6).

d. Revisiting seasonal forecasts of low flows in the
northeast United States
Finally, we reexamine the predictability of summer low
flows based on spring SSTAs that has been argued in
previous work (Ahn et al. 2017; Steinschneider and
Brown 2011, 2012a,b). First, the effects of hydrologic
memory are controlled by separately regressing JJA
SDLFs against May streamflow, April–May rainfall, and
May rainfall for each basin. May rainfall is the best antecedent explanatory variable of SDLFs across the region, but is still limited in its explanatory power (Fig. 10a;
median and maximum values of regression R2 are 0.08
and 0.23, respectively). This suggests that SDLFs in this
region are not well explained by antecedent conditions, at

least as measured by streamflow and rainfall proxies.
Rather, SDLFs are fairly well explained by rainfall that
falls in the concurrent JJA season (Fig. 10b). The spatial variability of the residuals of the regression of SDLFs
against May rainfall is summarized using two REOFs.
The first REOF emphasizes SDLFs in New England,
particularly in Vermont, New Hampshire, and Maine
(Fig. 10c), while the second REOF emphasizes SDLF
variability in Pennsylvania (Fig. 10d).
Figure 11 shows composites of detrended May SSTAs
for the summers with the highest and lowest values for the
two RPCs. When the effects of antecedent precipitation are
removed, the tripolar NAT pattern in the Atlantic still
emerges for both RPCs in years when SDLFs are anomalously high, indicating this signal is not the result of hydrologic memory alone. For RPC1, which emphasizes
SDLFs in New England, the SSTA lobe in the central Atlantic is strong and situated just southeast of Newfoundland, while the southern lobe of SSTAs is located squarely
in the Caribbean Sea (Fig. 11b). This pattern is most similar
to that for high frequencies of weather state 6. The SSTAs
preceding large values of RPC2 (which emphasizes SDLFs
in Pennsylvania) have a weaker central Atlantic lobe, and
the southern lobe of SSTAs is spread more broadly across
the tropical North Atlantic (Fig. 11d). This pattern appears to be better described as a mix of the SSTAs patterns under high frequencies for weather states 5 and 6.
Antecedent SSTAs in summers with low SDLFs for
both RPC1 and RPC2 are significantly different and
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FIG. 11. Composite maps of detrended May SSTAs for summers with the 10 lowest and highest values of the rotated
PCs of residuals between SDLFs and May precipitation. The (a) lowest and (b) highest 10 years of the first RPC. The
(c) lowest and (d) highest 10 years of the second RPC. Statistically significant SSTAs are shown with stippling.

asymmetric compared to those for summers with high
SDLFs. For RPC1, there is a cold lobe of SSTAs in the
western Atlantic and a warm lobe in the south-central
Atlantic (Fig. 11a). These lobes are of opposite sign to
those for summers with large RPC1 values (Fig. 11b),
but their locations are shifted, particularly for the southern lobe. The pattern in Fig. 11a most resembles SSTAs
that precede low frequencies of state 6. Differences between high and low SDLF years are even more drastic for
RPC2, which shows no clear NAT pattern at all (Fig. 11c).
Rather, cold SSTAs are localized along the eastern and
western coastlines of the United States. This pattern
weakly resembles that for summers with a high frequency
of state 1 occurrences, although the SSTAs are insignificant for the weather state composites.

5. Discussion
The composite analyses for SDLFs suggest that the
previously identified NAT forecast signal for low flows
in the Northeast shares many of the same antecedent

SSTA patterns as key weather states in the region. This
agreement holds after removing the effects of antecedent
moisture on the SDLF values, indicating that hydrologic
memory does not significantly account for the NAT
forecast signal. Rather, the occurrence of high SDLF
values across the Northeast region appears primarily
driven by enhanced summertime rainfall (Fig. 10b). Both
higher SDLFs and rainfall values are associated with
more frequent occurrences of states 5 and 6 and a reduction in state 1 frequency, which tend to co-occur with
cooler spring waters in the tropical North Atlantic and
Caribbean Sea, as well as warmer waters off the east
coast of the United States. These results support previous
empirical studies that have shown some ability to forecast
low-flow events in the Northeast using measures of antecedent climate over the Atlantic basin (Ahn et al. 2017;
Armstrong et al. 2014; Berton et al. 2017; Coleman and
Budikova 2013; Steinschneider and Brown 2011, 2012b).
They also agree with past modeling work that has shown
that cooler waters in the tropical North Atlantic and
Caribbean Sea can enhance summer moisture advection

Unauthenticated | Downloaded 01/09/23 07:16 AM UTC

JULY 2019

AHN AND STEINSCHNEIDER

into the eastern United States (Sutton and Hodson 2005).
The cool Caribbean and tropical North Atlantic waters
and the Rossby wave train observed during summers with
low frequencies of state 1 and high frequencies of state 6
(see Fig. 9) resemble ocean–atmosphere relationships for
the summertime east Atlantic pattern recently identified by Wulff et al. (2017). That study used the European
Centre for Medium-Range Weather Forecasts Integrated
Forecasting System (Dee et al. 2011) to show that the JJA
wave train is forced by anomalies in SSTAs initialized in
May. This modeling result is supported empirically by
Ossó et al. (2018), who used lagged regression to show
that the summer east Atlantic pattern and the associated
wave train is predictable based on spring SSTAs that
resemble the NAT. The wave train is also very similar to
that observed when the western ridge of the NASH shifts
anomalously to the southwest of its climatological position (Doering and Steinschneider 2018). Under that orientation, Doering and Steinschneider (2018) found that
the NASH strongly enhances moisture advection and
precipitation in the Southeast, but rainfall increases extend northward to the southern portion of the Northeast.
They also found spring SST conditions unique to the
southwest NASH orientation that strongly resemble those
of enhanced SDLFs for REOF2 (Fig. 11d). Coupled with
the results of these past studies, the work presented here
suggests that there is some potential for seasonal forecasts
of anomalously high summer precipitation and SDLFs in
parts of the Northeast region based on SST conditions in
the North Atlantic Ocean, which force teleconnections
linked to perturbations in the NASH and a wave train that
extends across the Pacific and Atlantic sectors.
Conversely, the occurrence of low SDLFs across the
Northeast is less clearly related to antecedent SSTAs,
particularly those in subtropical and equatorial regions
(Figs. 11a,c). No clear NAT forecasting signal emerges
for these extreme low-flow events. This asymmetry
mirrors that for weather states associated with dry conditions. Summers with the most frequent occurrences of
weather state 1 were also unrelated to any significant
antecedent SSTAs in the subtropics and tropics. These
results generally suggest that drought years dominated
by a summertime ridge over the Northeast (e.g., 1991, 1995,
2002, see Fig. 7) are not well predicted by SST boundary
forcing, but rather emerge due to internal atmospheric
variability, as argued by Seager et al. (2012). Consequently,
forecasts of SDLFs in such years based on SSTAs would
also be unreliable.
The main objective of this work was focused on
helping to resolve past discrepancies between empirical
and modeled assessments of summer rainfall and lowflow predictability in the Northeast based on springtime
Atlantic climate. However, we also identified some
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teleconnections in the Pacific, for example, El Niño
conditions prior to summers with infrequent state 5 occurrences and La Niña conditions prior to frequent state
3 occurrences. These results, in particular for reduced
state 5 occurrences and coastal rainfall, are consistent
with other studies that have found summer drying along
the eastern U.S. coastline following spring El Niño
events (Bosilovich 2013). Therefore, SSTAs in the
equatorial Pacific may also prove useful for the prediction of summer weather state occurrences and associated precipitation.

6. Conclusions
This study contributes an assessment of the intra- and
interseasonal variability of summer precipitation patterns across a network of rainfall stations in the Northeast United States, as well as their predictability and
relationship to patterns of low streamflows across the
region. Using a hidden Markov model, six weather states
were identified that describe the temporal variability of
inland and coastal patterns of rainfall that vary in intensity. The frequency of very dry (state 1) conditions
showed significant declines throughout the 60-yr record,
particularly in the earlier part of the summer. Concurrently, very wet conditions (state 6) exhibited upward
trends in frequency across the period of record, also
in the early months of the summer season. The weather
states were used to better understand precipitation
patterns during major historical droughts, and were
shown to vary considerably across drought events, suggesting that different climatic mechanisms can lead to
dry summer conditions over the Northeast region. Those
mechanisms were explored using atmospheric composites, which revealed distinct patterns of atmospheric flow
associated with a blocking ridge during very dry conditions and two sets of storm tracks associated with a shift
between inland and coastal rainfall.
Last, we evaluated the relationship between springtime SSTAs and the frequency of weather states and
patterns of low flows across the Northeast, in an effort to
resolve discrepancies between past empirical and modeling studies. We found an asymmetric relationship between weather states and antecedent SSTAs, in particular
those in the tropical and subtropical Atlantic, that suggests that dry conditions in the Northeast associated
with a blocking ridge are poorly related to boundary
forcing, but wet conditions may be predictable based on a
springtime NAT signal. These relationships were similar
for low flows across the Northeast, and help reconcile
the lack of drought predictability found by Seager et al.
(2012) and the empirical predictability identified by several
authors (Ahn et al. 2017; Armstrong et al. 2014; Berton
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et al. 2017; Coleman and Budikova 2013; Steinschneider
and Brown 2011, 2012b).
The results of this work suggest that summertime
forecasts of rainfall and streamflow over the Northeast
may be possible if carefully tailored for specific Atlantic
basin conditions. Future work is needed to develop a
model to that can produce such forecasts. For instance, a
nonhomogeneous HMM (NHMM) (Cioffi et al. 2017;
Fu et al. 2013) provides one strategy that maintains the
weather state framework presented in this work. However, any modeling framework would need to address
the inherent nonlinearity in the underlying teleconnections,
suggesting that a multinomial regression on SSTAs may
not be appropriate. Recent machine learning algorithms
(Le et al. 2017) may prove more effective at capturing the
underlying asymmetry.
Many studies have reported that future anthropogenicinduced changes on hydroclimate in the Northeast will
likely increase the frequency of heavy rainfall events and
summer water deficits by the end of the twenty-first
century (Kolb et al. 2016; Ning et al. 2015; Wolfe et al.
2018). Many of these arguments are based on thermodynamic changes to the climate, that is, increasing temperatures and a greater water holding capacity of the
atmosphere. In this work, we observed trends in dynamical components of circulation that may be contributing to
long-term climate trends, including observed changes to
extreme events (Frei et al. 2015; Huang et al. 2018). More
research is needed to explore the degree to which trends
in extreme events are linked to trends in circulation regimes, and to determine the implications with regard to
the occurrence of future extremes based on projected
shifts in circulation. In addition, trends in weather states
may be useful to inform forecast-informed adaptive
management of agricultural and water systems that
could potentially offset the impacts of thermodynamic
climate change. Critical to this approach is an understanding of how climate change will impact ocean circulation and resulting teleconnections (Chen et al. 2017;
Ruprich-Robert et al. 2017; Steinman et al. 2015). Therefore, future work should not only investigate the strength
of out-of-sample forecasts developed using the teleconnection patterns identified here, but also their stability
under long-term climate change.
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