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U.S. customary units to International System of Units

Multiply By To obtain

inch (in.) 2.54 centimeter (cm)
foot (ft) 0.3048 meter (m)
mile (mi) 1.609 kilometer (km)

Datum
Vertical coordinate information is referenced to the North American Vertical Datum of 1988 
(NAVD 88). 

Horizontal coordinate information is referenced to the North American Datum of 1983 (NAD 83). 

Elevation, as used in this report, refers to distance above the vertical datum.

Abbreviations
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GAGES II Geospatial Attributes of Gages for Evaluating Streamflow, version II
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MGB   multiple Grubbs-Beck [test]
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Abstract
The magnitude of annual exceedance probability floods 

is greatly affected by the coefficient of skewness (skew) of 
the annual peak flows at a streamgage. Standard flood fre-
quency methods recommend weighting the station skew with 
a regional skew to better represent regional and stable condi-
tions. This study presents an updated analysis of a regional 
skew for New England developed using a robust Bayesian 
weighted and generalized least squares regression model. 
Nineteen explanatory variables for 153 streamgages were 
tested in the regression analysis, but none were statistically 
significant and, as a result, a constant model was selected 
to define the regional skew for New England. The constant 
model for the New England region has, in log units, a skew 
of 0.37, a model error variance of 0.13, and an average 
variance of prediction at a new site of 0.14. An assessment 
of the selected regional skew model was conducted using a 
Monte Carlo analysis. The Monte Carlo simulations reveal 
that the perceived pattern in the station skews among the 
153 streamgages is an artifact of the sample variability and 
the covariance structure of the errors.

Introduction
Bulletin 17B (B17B; Interagency Advisory Commit-

tee on Water Data, 1982) provides a consistent, objective, 
reproducible method for flood frequency analysis; B17B 
recommends the use of the log-Pearson type III (LP3) distribu-
tion to fit a series of annual maximum flood peaks to obtain 
estimates of annual exceedance probability (AEP) discharges 
at streamgages. This distribution, in the specific case of flood 
frequency analysis, is described by three moments: the mean, 
the standard deviation, and the skewness coefficient (skew) 
of the logarithms of the flow. This third moment, skew, is a 
measure of the asymmetry of the annual peak flow distribu-
tion and can have a large effect on the estimated magnitude 
of floods for a given AEP. The traditional sample estimator of 

skew is very sensitive to extreme events, such as large floods 
or unusually small values, as they cause a sample to be highly 
skewed, or asymmetrical. Thus, in flood frequency analysis, 
skew becomes important because interest is focused on the 
right-hand tail (largest flows) of the distribution. B17B recom-
mends using a weighted average of the station skew and a 
regional skew; a weighted skew reduces the sensitivity of sta-
tion skew to extreme events, particularly for streamgages with 
short records. In addition, B17B supplies a map (Interagency 
Advisory Committee on Water Data, 1982, pl. I) containing 
estimated generalized (or regional) skews for the Nation but 
recommends using additional methods for developing more 
accurate estimates of regional skew. Since the map was pub-
lished in 1976, more than 35 years of additional streamflow 
data have been accumulated and spatial estimation procedures 
have been refined (Stedinger and Griffis, 2008).

Tasker and Stedinger (1986) developed a weighted least 
squares (WLS) procedure for estimating regional skews based 
on station skews for the logarithms of annual peak discharge 
data. This method of regional analysis of skew accounts 
for the precision of the estimated station skew for each 
streamgage, which depends on the length of the streamgage 
record and the accuracy of the ordinary least squares (OLS) 
regional mean skew. More recently, Reis and others (2005), 
Gruber and others (2007), and Gruber and Stedinger (2008) 
developed Bayesian generalized least squares (B–GLS) regres-
sion models for regional skew analyses. A Bayesian methodol-
ogy allows for the computation of a posterior distribution of 
both the regression parameters and the model error variance. 
When the model error variance is small compared with the 
sampling error of the station estimates (Reis and others, 2005), 
the Bayesian posterior distribution provides a more robust 
description of the model error variance than both the general-
ized least squares (GLS) method-of-moments and maximum-
likelihood point estimates (Veilleux, 2011). WLS regression 
accounts for the precision of the regional model and the effect 
of the length of the streamgage record on the variance of skew 
estimators, whereas B–GLS regression also considers the 
cross correlations among the estimated station skews. Cross 
correlations have had a large effect on the precision attributed 
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to estimates of different parameters (Feaster and others, 2009; 
Gotvald and others, 2009; Weaver and others, 2009; Parrett 
and others, 2011).

The expected moments algorithm (EMA) with multiple 
Grubbs-Beck (MGB) censoring of low outliers (Cohn and 
others, 2013) was used to perform flood frequency analy-
sis at streamgages; however, this methodology introduces a 
complication in the calculation of streamgage record length 
(and concurrent record length) used to describe the precision 
of sample estimators. In addition to censoring of low outli-
ers, the EMA uses estimated interval discharges for missing, 
censored, and historic data because the peak discharges are 
no longer solely represented by single values. Further, large 
cross correlations between annual peak discharges at pairs of 
streamgages can introduce a bias if not properly accounted 
for. To account for these complications, an alternate regression 
procedure was developed to provide stable, unbiased results 
for determining regional skew (Veilleux, 2011; Lamontagne 
and others, 2012; Veilleux and others, 2012). This alternate 
procedure is referred to as the Bayesian WLS/Bayesian GLS 
(B–WLS/B–GLS) regression framework (Veilleux, 2011; Veil-
leux and others, 2011, 2012). The B–WLS/B–GLS procedure 
uses an OLS analysis to fit an initial regional skew model that 
is then used to generate a stable regional skew estimate for 
each streamgage. That stable regional estimate is the basis for 
computing the variance of each station skew employed in the 
WLS analysis. Next, the B–WLS procedure is used to generate 
estimates of the regional skew model parameters. Finally, the 
B–GLS procedure is used to estimate the precision of the WLS 
parameter values, to estimate the model error variance and its 
precision, and to compute various diagnostic statistics.

Purpose and Scope
The primary purpose of this report is to describe the 

methods and the results of a regional skew analysis for New 
England (Connecticut, Maine, Massachusetts, New Hamp-
shire, Rhode Island, and Vermont). This report also includes 
details of the existing data for the 186 streamgages that were 
evaluated for use in the regional skew analysis, including 
annual peak discharges, as well as selected basin characteris-
tics. The EMA with MGB censoring of potentially influential 
low floods was used to compute moments of the logarithms 
for the LP3 distribution to determine an at-site skew at 
each streamgage for use in the regional skew analysis. The  
B–WLS/B–GLS regression method is described in detail along 
with diagnostics for analyzing the B–WLS/B–GLS results.

Study Area
The study area for the New England regional skew 

analysis consists of the entire States of Connecticut, Maine, 

Massachusetts (excluding Cape Cod and the islands), New 
Hampshire, Rhode Island, Vermont, and the eastern most 
part of New York. The region spans about 500 miles from 
southeastern Connecticut to northern Maine. A total of 
186 streamgages were evaluated for use in the analysis 
(fig. 1). Streamgage basin characteristics described below 
were obtained from the Geospatial Attributes of Gages for 
Evaluating Streamflow version II (GAGES II) database 
(Falcone, 2011).

The geomorphology of New England is described 
as hills and mountains that slope into valleys or coastal 
lowlands (Denny, 1982). Mountainous areas (elevations 
greater than 1,600 feet [ft]) are found in the Green Mountains 
of Vermont, the White Mountains of New Hampshire, and 
isolated peaks such as Mount Katahdin in Maine, all of which 
are part of the Northeastern Highlands level III ecoregion 
(U.S. Environmental Protection Agency, 2012, 2013); this 
ecoregion consists of most of Vermont, New Hampshire, 
western Maine, western Massachusetts, and northwestern 
Connecticut. The Northeastern Coastal Zone ecoregion 
consists of all of Rhode Island, most of Connecticut, central 
and eastern Massachusetts, southeastern New Hampshire, and 
far southeastern Maine, and central-eastern and northeastern 
Maine make up the Acadian Plains and Hills ecoregion. The 
Northeastern Coastal Zone and Acadian Plains and Hills have 
gently rolling hills with incised valleys. Overall, the mean 
basin elevation at the streamgages used in the analysis ranged 
from 25 to 1,005 ft (average 273 ft), relief ranged from 36 to 
1,813 ft (average 436 ft), and basin slopes ranged from 1.2 to 
35 percent (average 8.4 percent). The study area excludes 
southeasternmost Massachusetts and Cape Cod because they 
are in the Atlantic Coastal Pine Barrens ecoregion, which 
is characterized by relatively low relief with deep coarse-
grained deposits and a water-table surface at depth. These 
characteristics cause streamflow to respond uniquely to 
storms from other parts of New England and, in addition, little 
streamflow information is available in this area to support 
inclusion into the New England regional skew model.

Climate in New England is characterized as being humid 
continental with temporal and spatial variations caused by the 
interchange of air masses from the South and the Midwest and 
from the north (National Oceanic and Atmospheric Admin-
istration, 2013). The exchange of air masses leads to frontal 
systems that, coupled with wet antecedent conditions, often 
produce the peak flows of the year. Isolated intense storms 
from these systems also produce flooding, particularly in small 
basins. Hurricanes, remnants of hurricanes, and tropical storms 
that never develop to hurricane strength are major causes of 
flooding in southern New England (National Oceanic and 
Atmospheric Administration, undated). These storms typically 
originate in the central Atlantic Ocean and follow a track along 
the eastern United States up through New England.

In general, precipitation is evenly distributed throughout 
the year. On the basis of data collected between 1981 and 
2010 (Northeast Regional Climate Center, 2014), mean annual 



Study Area  3

ATLANTIC OCEAN

RIRI

ME

MAMA

VTVT
NHNH

CTCT

NY

48°

46°

44°

42°

72° 70° 68° 66°

0 50 100 150 MILES

0 50 100 150 KILOMETERS

Streamgage

Used in final analysis

Dropped from final analysis—
Pseudorecord, less than 30 years

Redundant

Level III ecoregions—From U.S. Environmental
Protection Agency (2013)

Acadian Plains and Hills

Atlantic Coastal Pine Barrens

Eastern Great Lakes Lowlands

Northeastern Coastal Zone

Northeastern Highlands

Other

EXPLANATION

Base from U.S. Environmental Protection Agency, 2011

Figure 1. Streamgages used in the regional skew analysis for New England. Streamgages that were not used in the final analysis 
because of redundancy or insufficient pseudo record length are also shown.

precipitation ranged from 38 inches per year in northern Maine 
to 50 inches per year in southern New England. Mean annual 
temperatures ranged from 38 degrees Fahrenheit (°F) in north-
ern Maine to 50 °F in southern New England. Because of the 
combination of weather conditions, more precipitation falls 
as snow and accumulates during the winter months in north-
ern New England (about 20 to 120 inches [in.]). Snowmelt 
combined with late-winter or spring rainfall often yields the 
highest annual peak flows of the year in the northern part of 
New England. Mean precipitation for streamgage basins in the 
study area ranged from 37 to 74 in. (average 48 in.), and the 
percentage of precipitation that fell as snow ranged from 20 to 
44 percent (average 31 percent).

Land use and land cover in New England range from 
highly developed in and near major metropolitan centers 
to predominantly forest. Most heavily developed areas are 
in eastern and southern New England; basins considered 
highly urbanized were excluded from the study. Land use 
in the streamgage basins used in the study ranged from 
13 to 99 percent (average 69 percent) forested, from 0 to 
12 percent (average 0.5 percent) high density urban, 0 to 
37 percent (average 2.4 percent) medium-density urban, and 
0 to 25 percent (average 3.9 percent) low-density urban. Basin 
area classified as open water and wetlands ranged from 0 to 
7.7 percent (average 1.5 percent) and 0 to 24 percent (average 
6.8 percent), respectively (Falcone, 2011).
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Streamgage Data for Regional Skew 
Analysis

Data preparation for the regional skew analysis included 
selection of streamgages and corresponding basin character-
istics as well analyses of AEPs to estimate the skew at each 
streamgage. The AEP analyses were performed using the EMA 
with the MGB test for potentially influential low floods.

Streamgage Selection and Basin 
Characteristics

The New England regional skew analysis used data for 
186 U.S. Geological Survey (USGS) streamgages (table 1, 
in back of report; Wagner and Veilleux, 2019) that have 
essentially unregulated annual peak flow records through 
water year1 2011; in total, data were used for 36 streamgages 
in Connecticut, 26 streamgages in Maine, 51 streamgages 
in Massachusetts, 43 streamgages in New Hampshire, 
13 streamgages in Rhode Island, 14 streamgages in Vermont, 
and 3 streamgages in New York. Annual peak flow data for 
these streamgages were obtained from the USGS National 
Water Information System (U.S. Geological Survey, 2014a). 
Only those streamgages included in the GAGES II database 
maintained by the USGS were considered for the study. The 
GAGES II database consists of a subset of USGS streamgages 
with at least 20 years of discharge record since 1950 or that 
were active as of water year 2009 and whose watersheds 
lie entirely within the United States (Falcone, 2011). Only 
streamgages that are included in the GAGES II database in 
the New England regional skew study were used because 
this subset provided a consistent set of basin characteristics 
across the region. The basin characteristics selected for use 
to potentially help explain the variation in station skew in the 
New England study region include morphometric (drainage 
area, mean basin slope, mean basin elevation, and basin 
compactness ratio), climatological (mean annual precipitation, 
average annual air temperature, and snow percentage of 
total precipitation), geologic, land cover (including percent 
open water, percent lakes/ponds/reservoirs, percent emergent 
herbaceous wetlands, percent woody wetlands, percent 
impervious surface; percent of watershed covered by 
dominant potential natural vegetation) , hydrologic (sinuosity 
of mainstem stream line, and base flow index), and other 
characteristics. In addition to basin characteristics obtained 
from the GAGES II database, the 50th percentile maximum 
seasonal snow depth was determined from Cember and Wilks 
(1993, map 56) and the flood flow peaks caused by hurricanes 
were identified from local records and knowledge.

1A water year is the 12-month period beginning October 1 and ending Sep-
tember 30. It is designated by the year in which it ends.

Redundancy Analysis

Redundancy results when the drainage basins of two 
streamgages are nested, meaning that one is contained inside the 
other, and also of similar size. Instead of providing two spa-
tially independent observations that depict how drainage basin 
characteristics are related to skew (or the magnitude of the AEP 
flow), these two basins will have exceedingly similar hydrologic 
responses to a given storm and thus represent only one spatial 
observation. When redundant streamgages are both included, a 
statistical analysis incorrectly represents the value of the infor-
mation contained in the regional dataset (Gruber and Stedinger, 
2008). To determine if two streamgages are redundant and thus 
represent the same hydrologic conditions, two types of informa-
tion are considered: whether the basins of the streamgages are 
nested and the ratio of the drainage areas for the two basins.

The standardized distance (SD) is used to determine the 
likelihood the basins are nested. The standardized distance 
between two basin centroids (SDij) is defined as follows:

 SD
D

DRNAREA DRNAREA
ij

ij

i j

�
�� �0 5.

 (1)

where
 Dij is the distance between centroids of basin i 

and basin j,
 DRNAREAi is the drainage area at streamgage i, and
 DRNAREAj is the drainage area at streamgage j.

The drainage area ratio (DAR) is used to determine if two 
nested basins are sufficiently similar in size to conclude that 
they are essentially or are at least in large part the same water-
shed for the purposes of developing a regional hydrologic 
model. The DAR (Veilleux, 2009) is defined as follows:

 DAR Max
DRNAREA
DRNAREA

DRNAREA
DRNAREA

i

j

j

i

�
�

�
�

�

�
�
�

,   (2)

where
 Max is the maximum of the two values in brackets,
 DRNAREAi is the drainage area at streamgage i, and
 DRNAREAj is the drainage area at streamgage j.

Previous studies suggest that, for the purposes of deter-
mining regional skew, streamgage pairs having SD less than or 
equal to 0.50 and DAR less than or equal to 5 were likely to be 
redundant. However, if the drainage area ratio is large enough, 
even if the basins of the streamgages are nested, then they will 
reflect different hydrologic responses because storms of differ-
ent sizes and duration will typically affect each site differently.

Table 1 shows the results of the redundant streamgage 
screening on the New England regional skew data. Note that 
the information in table 1 is also available as USGS data 
release (Wagner and Veilleux, 2019).

All possible combinations of streamgage pairs from the 
186 streamgages were considered in the redundancy analysis. In 
order to be conservative, all streamgage pairs with basin char-
acteristics of SD < 0.75 and DAR < 8 were identified as possible 
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redundant streamgage pairs. All streamgages identified as pos-
sibly redundant were then investigated to determine if, in fact, 
the basin of one streamgage of the pair is nested inside the other. 
The procedure identified 37 possible redundant streamgage 
pairs; of these, 34 streamgage pairs were found to be redundant 
and 17 streamgages were removed from the analysis (table 1, 
in back of report; streamgages indicated as “No-R”). The other 
three streamgage pairs identified as potentially redundant were 
determined to be independent and kept in the analysis, leaving 
169 streamgages for the regional skew study.

Analytical Methods To Generate 
Regional Skew

The skew is very sensitive to extreme events, such as large 
floods, because they can cause the position of a sample within 
the distribution to be highly skewed, or asymmetrical. Thus, in 
flood frequency analysis, the measurement of skew becomes 
significant and interest is focused on the right-tail of the dis-
tribution. However, the span of recorded flood data at a given 
streamgage is usually too short to provide a highly reliable 
estimate of the skew. To improve the precision of the skewness 
estimator, B17B (Interagency Advisory Committee on Water 
Data, 1982) advises combining a regional skew with the at-site 
skew (Beard, 1974; Hardison, 1975; Tasker, 1978; McCuen, 
1979, 2001; Griffis and Stedinger, 2007b). Griffis and Stedinger 
(2009b) showed that the B17B weighted skewness estimator 
(inverse weighting using the mean squared error [MSE] of the 
skew) results in the estimator with the smallest MSE, provided 
that the regional skew is unbiased and independent of the at-site 
skew estimator. Griffis and Stedinger (2007a, 2009a) illustrate 
the value of a good regional skewness estimator in terms of the 
precision of flood quantile estimates (Veilleux, 2009).

To improve the regional skew estimate for New England, 
the at-site skew and its MSE for each streamgage to be used 
in the regional analysis were determined. For this analysis 
PeakFQ version 7.0 (Veilleux and others, 2014; U.S. Geologi-
cal Survey, 2014b) was used to compute the flood frequency 
analysis because it combines the EMA with the MGB test as 
an efficient and robust means for estimating skew and MSE.

Expected Moments Algorithm (EMA) Analysis

The EMA with the MGB test was used to fit the LP3 
and compute AEPs and correspondingly the at-site skew and 
its MSE for the streamgages included in the regional skew 
analysis. The EMA with the MGB test flood frequency analy-
sis includes at-site estimates of AEP flood flows, which are 
not included in the report because the focus of this study is to 
update the regional skews for New England. Logically, how-
ever, the next step following a regional skew analysis would 
be to run the EMA with the MGB test analyses again, weight-
ing the at-site skew with the revised regional skews.

The EMA addresses several methodological concerns 
identified in the procedures specified by B17B (Interagency 
Advisory Committee on Water Data, 1982) while retaining 
the essential structure and moments-based approach of the 
existing B17B procedures for determining flood frequency. 
The EMA can accommodate interval data, which simplifies 
the analysis of datasets containing censored observations, 
historic data, low outliers, and uncertain data points, while 
also providing enhanced confidence intervals on the estimated 
discharges (Veilleux and others, 2014). Unlike B17B, which 
recognizes two categories of data [systematic peaks (annual 
peaks observed in the course of the systematic operation of a 
streamgage) and historic peaks (records of floods that occurred 
outside the period of regular streamgage operation)], the EMA 
employs a more general description of flood information for 
the historical period that includes both systematic and his-
toric peaks (Veilleux and others, 2014). This is accomplished 
through the use of flow intervals to describe the knowledge of 
the peak flow QY in each year Y and through the use of percep-
tion thresholds to describe the range of measurable potential 
discharges in each year Y. It is important to note that for 
streamgages that have complete periods of record, no low out-
liers, no censored flood values, and no historic flood informa-
tion, the EMA with the MGB test method provides identical 
estimates of the three LP3 moments (mean, standard devia-
tion, and skew) as the standard LP3 method described in B17B 
(Interagency Advisory Committee on Water Data, 1982; Got-
vald and others, 2012). A complete description and application 
of the algorithm is given in Cohn and others (1997, 2001).

Multiple Grubbs-Beck Test for Detecting 
Potentially Influential Low Outliers

B17B (Interagency Advisory Committee on Water Data, 
1982) recommends the use of the Grubbs-Beck test (Grubbs 
and Beck, 1972) to detect low outliers in flood frequency 
analysis. As described by Cohn and others (2013), the MGB 
test is a generalization of the Grubbs-Beck method that allows 
for a standard procedure for identifying multiple potentially 
influential low floods. In flood frequency analysis, poten-
tially influential low floods are annual peaks that meet three 
criteria: their magnitude is much smaller than the flood 
quantile of interest, they occur below a statistically significant 
break in the flood frequency plot, and they have excessive 
influence on the estimated frequency of large floods. When 
an observation is identified as a potentially influential low 
flood, all values smaller than that flood are also categorized 
as potentially influential low floods. Identifying potentially 
influential low floods and recording them as censored peaks 
can greatly improve estimator robustness with little or no loss 
of efficiency. Thus, the use of the MGB test can improve the 
fit of the small AEPs (larger magnitude floods) by minimizing 
lack-of-fit due to unimportant potentially influential low floods 
in an annual peak series (Cohn and others, 2013; Veilleux and 
others, 2014).
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Data Analysis
Prior to performing a B–WLS/B–GLS regional skew analysis, three data analysis procedures 

must first be completed. This section describes the steps for the calculations for pseudorecord length 
for each streamgage given the number of censored observations and concurrent record lengths, the 
corrections for structural bias in the at-site estimate of skew and its MSE, and the development of a 
cross-correlation model of concurrent annual peak discharges between streamgages.

Pseudorecord Length

The record length of the annual peak series at each streamgage is used in the regional skew 
study in several steps, including unbiasing the at-site skew and its MSE, determining the concur-
rent record length between two streamgages, and computing the cross correlation of the at-site 
skews (see “Cross-Correlation Models” section). Because the dataset includes censored data and 
historic information, the effective record length used to compute the precision of the skewness esti-
mators is no longer simply the number of annual peak discharges at a streamgage. Instead, a more 
complex calculation is used to take into account the availability of historic information and cen-
sored values. Although historic information and censored peaks provide valuable information, they 
often provide less information than an equal number of years with systematically recorded peaks 
(Stedinger and Cohn, 1986). The historic peak itself may be known imprecisely, and a number of 
years of record may simply be known to have peak values less than the historic peak. The follow-
ing calculations provide a pseudorecord length (PRL) that appropriately accounts for all peak dis-
charge data types available for a streamgage. The pseudorecord length equals the systematic record 
length if such a complete record, with no interval data, is all that is available for a streamgage.

The first step in computing PRL is to conduct an EMA analysis with all available informa-
tion, including historic information and censored peaks (EMAC). From this EMAC, the at-site skew 
without regional information � �ˆ

CG  and the MSE of that skewness estimator are extrapolated for 
each streamgage, as well as the year the historical period begins (YBC), the year the historical 
period ends (YEC), and the length of the historical period (HC) from the following equation:

 HC = YEC – YBC + 1. (3)

The second step is to run EMA again with only the systematic peaks (EMAsys). From the 
EMAsys analysis, the at-site skew without regional information ( ˆ

sysG ) and the MSE of that skew 
( � �ˆ

sysMSE G ) are extracted, as well as the number of systematic peaks (Psys). If no historical or 
censored data exist for the streamgage, then these values are the same as ˆ

CG  and � �ˆ
CMSE G .

The third step is to represent, from both EMAC and EMAsys, the precision of the skew as 
two record lengths (RLC and RLS, respectively) based upon the estimated skew and MSE. The 
corresponding record lengths are calculated using the following equation from Griffis and oth-
ers (2004) and Griffis and Stedinger (2009b):

 � � � � � � � �2 49 15ˆ ˆ ˆ
48

6
1

6
G G cMSE a RL b RL

R
RL

L
G� � � � � � �� � � � � �

� �� � � ��
� �

� � � � ��
�

�
�  (4)

where
 � �ˆ

CMSE G  uses RLC and ˆ
CG ,

 � �ˆ
sysMSE G  uses RLS and ˆ

sysG , and
 a(RL), b(RL), and c(RL) are calculated as follows:

 a RL
RL RL

� � � � �
17 75 50 06

2 6

. . , (5)

 b RL
RL RL RL

� � � � �
3 93 30 97 37 1

0 3 0 6 0 9

. . .

. . .
, and (6)
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 c RL
RL RL RL

� � � � � �
6 16 36 83 66 9

0 56 1 12 1 68

. . .

. . .
. (7)

Next, the difference (RLdiff) between RLC and RLS is used as a measure of the extra information 
provided by the historic and censored information that was included in the EMAC analysis but 
not in the EMAsys analysis:

 RL RL RLdiff C sys� � . (8)

The PRL for the entire record at the streamgage is calculated using RLdiff and the number of sys-
tematic peaks (Psys) as follows:

 P RL PRL diff sys� � . (9)

PRL must be nonnegative. If no historic or censored data exist for the streamgage, PRL 
equals Psys. If PRL is greater than HC, then PRL is set equal to HC. Also, if PRL is less than Psys, then 
PRL is set equal to Psys. This ensures that the PRL will not be greater than HC or less than Psys.

The at-site skew is sensitive to extreme events and more accurate estimates can be 
obtained from longer records (Interagency Advisory Committee on Water Data, 1982). Thus, 
after ensuring adequate spatial and hydrologic coverage, streamgages with PRL less than 
30 years were removed from the study. Of the 169 sites remaining after removing the 17 redun-
dant sites, 16 were removed because their PRL is less than 30 years (table 1, in back of report; 
indicated as “no-P”), leaving 153 streamgages from which a regional skewness model for New 
England was developed.

Unbiasing the At-Site Estimators

The at-site skew estimates become unbiased by using the correction factor developed by 
Tasker and Stedinger (1986) and employed in Reis and others (2005). The unbiased at-site 
skew for streamgage i ( î� ) is computed from PRL and the at-site skew (Gc,i) computed by EMA 
for streamgage i using the following equation:

 
,

6ˆ 1i i
RL i

G
P

�
� �

� �� �
� �� �

, (10)

where
 PRL,i is the pseudorecord length for streamgage i (eq. 9), and
 Gi is the biased at-site skew estimate for streamgage i; for the purposes of this 

equation, Gi equals Gc,i. 
The variance of the unbiased at-site skew ( � �îVar � ) includes the correction factor devel-

oped by Tasker and Stedinger (1986):

 � � � �
2

,

6ˆ 1i i
RL i

Var Var G
P

�
� �

� �� �
� �� �

, (11)

where Var(Gi) is calculated using the following equation from Griffis and Stedinger (2009b):

 � � � � � � � �2 4ˆ6 91
6

15ˆ ˆ
48RL RLRL

RL

Var a P b P
P

G G c P G
� � � �� �� � � � �� � � �� ��

� ��
���

��
� �� �
� , (12)

where

 a P
P PRL
RL RL

� � � � �
17 75 50 06

2 3

. . , (13)
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 b P
P P PRL
RL RL RL

� � � � �
3 92 31 10 34 86

0 3 0 6 0 9

. . .

. . .

, and (14)

 c P
P P PRL
RL RL RL

� � � � � �
7 31 45 90 86 50

0 59 1 18 1 77

. . .

. . .

. (15)

Estimating the Mean Square Error of the Skew

There are several ways to estimate the MSE of the at-site 
skew (MSEG). The approach used by EMA (from Cohn and 
others, 2001, eq. 55) generates a first-order estimate of the 
MSEG, which should perform well when interval data are 
present. Another option is to use the approach described by 
Griffis and Stedinger (2009b) (the variance as shown in equa-
tion 12 is equated to the MSE), employing either the system-
atic record length or the length of the whole historical period. 
However, this method does not account for censored data and 
thus can lead to inaccurate and underestimated MSEG. This 
issue has been addressed by using the PRL instead of the length 
of the historical period because the PRL reflects the effect of 
the censored data on the number of systematic peaks. Thus, 
the unbiased Griffis and Stedinger (2009b) MSEG is used in 
the regional skew model because it is more stable than the 
approach by Cohn and others (2001) and relatively indepen-
dent of the at-site skew. This methodology has been used in 
recently published regional skew studies (Parrett and others, 
2011; Eash and others, 2013; Paretti and others, 2014; South-
ard and Veilleux, 2014).

Cross-Correlation Models

A critical step for a GLS analysis is estimation of the 
cross correlation among at-site skews. Martins and Stedinger 
(2002) used Monte Carlo simulations to derive a relation 
between the cross correlation of the skew at two streamgages 
(i and j) as a function of the cross correlation of concurrent 
annual peak flows (ρij):

 � � � �ˆ ˆ ˆ ˆ ˆ,i j ij ij ijSign cf
�

� � � � ��  (16)

where
 î�  and ˆ j�  are the unbiased at-site skew estimate for 

streamgages i and j, respectively;
 ˆij�  is the estimated cross correlation of 

concurrent annual peak flow for 
streamgages i and j;

 κ is a constant between 2.8 and 3.3; and
 cfij is a factor that accounts for the sample size 

difference between streamgages and their 
concurrent record length and is defined as 
follows:

 cf
CY

P P
ij

ij

RL i RL i

�
� �� �, ,

. (17)

where
 CYij is the pseudorecord length of the period of 

concurrent record (pseudoconcurrent 
record length); and

 PRL,i and PRL,j are the pseudorecord length corresponding 
to streamgages i and j, respectively, as 
calculated from equation 9.

Pseudoconcurrent Record Length

The CYij  (eq. 17) is used to compute cross correlation 
between streamgages. Because both censored and historic 
data are used, the effective concurrent record length calcula-
tion is more complex than determining in which years the two 
streamgages both have recorded systematic peaks.

The years of historical record in common between the 
two streamgages are determined first. For the years in com-
mon, with beginning year YBij and ending year YEij, the 
following equation is used to calculate the concurrent years of 
record between streamgages i and j.

 CY YE YB
P
H

P
Hij ij ij

RL i

C i

RL j

C j

� � �� ��
�
��

�

�
��
�

�
��

�

�
��1

,

,

,

,

, (18)

where
 YBij is the beginning year of the common historical 

record for streamgages i and j;
 YEij is the ending year of the common historical 

record for streamgages i and j;
 PRL,i and PRL,j are the pseudorecord length for streamgages i 

and j, respectively; and
 HC,i and HC,j are the length of the historical record for 

streamgages i and j, respectively.
The computed pseudoconcurrent record length depends upon 
the years of historical record in common between the two 
streamgages, as well as the ratios of the pseudorecord length 
to the historical record length for each streamgage.

New England Cross-Correlation Model

A cross-correlation model for the annual peaks in 
New England was developed using logarithms (base 10) of 
the annual peak flows from 34 streamgages that generated 
streamgage pairs with at least 80 years of concurrent system-
atic peaks, which resulted in 546 streamgage pairs. A logit 
model, termed the Fisher Z transformation (Z), provided a 
convenient transformation of the sample correlations rij from 
the (–1, +1) range to the (–∞, +∞) range. It was developed 
as follows:

 Z r
r

�
�
�

�
�
�

�
�
�log

1

1

, (19)
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where r is a sample correlation. 
Various models relating the ˆij�  to various basin characteristics 
were considered. The model that was adopted uses only one 
explanatory variable for estimating the ˆij�  and is based on the 
distance, in miles, between basin centroids (Dij), calculated as 
follows:

 � �
� �
2 1

ˆ
2 1

ij
ij

ij

exp Z

exp Z
�

�
�

�
, (20)

where

 Z
D

ij
ij� �

��

�
��

�

�
��

�

�
�
�

�

�
�
�

exp . .
.

.

0 83 0 24
1

0 14

0 14

. (21)

An OLS regression analysis based on 546 streamgage 
pairs with at least 80 years of concurrent record indicated 
that the cross-correlation model is as accurate as having 
270 years of concurrent annual peaks from which to calculate 
the cross correlation. The fitted OLS regression relation 
between Zij and Dij from the 546 streamgage pairs (fig. 2A) 
shows an exponential decline in the cross correlation for 
streamgages within 50 miles of each other. A similar decline 
is found in the cross correlation and distance between basin 
centroids for the untransformed streamgage pairs (fig. 2B). 
The cross-correlation model was used to estimate streamgage-
to-streamgage cross correlations for concurrent annual 
peak discharges at all streamgage pairs used in the regional 
skew study.

Regression Analyses
The B–WLS/B–GLS method (as it appears in Veilleux 

and others, 2012) is described briefly, followed by the results 
of applying these methods in the New England regional 
skew study; details on the method can be found in Veilleux 
(2011) and Veilleux and others (2011). The method uses an 
OLS analysis to fit an initial regional skew model that is then 
used to generate a stable regional skew estimate for each 
streamgage. That stable regional estimate is the basis for 
computing the variance of each streamgage skew employed in 
the WLS analysis. Then, B–WLS is used to generate estima-
tors of the regional skew model parameters (discussed in the 
“Weighted Least Squares Analysis” section). Finally, B–GLS 
is used to estimate the precision of the WLS parameter values, 
to estimate the model error variance and its precision, and to 
compute various diagnostic statistics.

Ordinary Least Squares Analysis

The first step in the B–WLS/B–GLS regional skew analy-
sis is the estimation of a regional skew model using OLS. The 
OLS regional regression yields the parameters and a model 

that can be used to generate unbiased and relatively stable 
regional estimates of the skew for all streamgages, as follows:

 ˆ
OLS OLSy X ��� , (22)

where
 yOLS  is the estimated regional skew value;
 X is an [n×k] matrix of basin characteristics for 

the streamgage;
 n is the number of streamgages;
 k is the number of basin parameters, including 

a column of ones to estimate the constant; 
and

 ˆ
OLS�  is the (k×1) vector of OLS regression 

parameters.
These yOLS  values are then used to calculate unbiased 
regional skew variances for all streamgages in New England 
using the equations reported in Griffis and Stedinger (2009b). 
These regional skew variances are based on the regional OLS 
estimator of the skew instead of the at-site skew estimator, 
thus making the weights in the subsequent steps relatively 
independent of the at-site skew estimates.

Weighted Least Squares Analysis

A WLS analysis is used to develop estimators of the 
regression skew for each regional skew model. The WLS 
analysis explicitly reflects variations in record length but 
intentionally neglects cross correlations, thereby avoiding the 
problems experienced with GLS parameter estimators (Veil-
leux, 2011; Veilleux and others, 2011).

The first step in the WLS analysis is to estimate the 
model error variance (�� ,B WLS�

2 ) using an iterative approach, 
as described by Reis and others (2005). Using a B–WLS 
approach to estimate the model error variance avoids the pos-
sible pitfall of estimating the model error variance as zero, 
which can occur when using method-of-moments WLS. It 
is important to note that the Bayesian analysis produces an 
estimate of the distribution of the model error variance; how-
ever, only the mean �� ,B WLS�

2  estimator is considered in this 
analysis.

Given the �� ,B WLS�
2  estimator, a diagonal covariance 

matrix [�WLS B WLS�� , �� �2 ] is created as follows:

 � � � �� �2 2
, , ˆWLS B WLS B WLS I diag Var� �� � �� �� � � , (23)

where
 I is an n×n identity matrix,
 � �� �ˆdiag Var �  is the n×n matrix containing the variance of 

the unbiased at-site skew ( � �îVar � ) on 
the diagonal and zeros on the off-diagonal 
directions, and

 �� ,B WLS�
2  is the model error variance for the B–WLS 

regression.
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Figure 2. Cross correlation of annual peak flow in the New England skew study. A, Relation between 
Fisher Z-transformed cross-correlation of logarithms of annual peak discharge and distance between 
basin centroids based on 546 streamgage pairs with concurrent record lengths greater than or equal to 
80 years from 34 streamgages in New England. B, Relation between untransformed cross-correlation 
of logs of annual peak discharge and distance between basin centroids based on 546 streamgage pairs 
with concurrent record lengths greater than or equal to 80 years from 34 streamgages in New England.
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The diagonal elements of the covariance matrix are the sum of 
the estimated �� ,B WLS�

2  and the � �îVar � , which depends upon 
on the at-site record length and the estimate of the previously 
calculated yOLS  regional skew. The off-diagonal elements of 
�WLS B WLS�� , �� �2  are zero because cross correlations between 
streamgages are not considered in the WLS analysis. Using 
that covariance matrix, a B–WLS analysis is used to generate 
the k×n weight matrix (W) of the WLS weights as follows:

     W X X XT
WLS B WLS

T
WLS B WLS� � ��

��
�
�� � �� �

�

�
� �� �� �, - ,

2
1

1

2
1

. (24)

These weights (W) are used to compute the final estimates of 
the k×1-matrix-vector regression parameters ˆ

WLS�  as follows:

 ˆ ˆWLS W� �� . (25)

Generalized Least Squares Analysis

After the regression model ˆ
WLS�  parameters and W 

weights are determined with a WLS analysis, the precision 
of the fitted model and of the regression skews are estimated 
using a B–GLS regression framework for regional skew devel-
oped by Reis and others (2005) with the posterior probability 
density function for �� ,B GLS�

2  being as follows:

 

� � � �
� �

� �
� � � �

2
,2

,
2

,

2
,

ˆˆ| ,

ˆˆ0.5 ˆˆexp

B GLS
B GLS WLS

GLS B GLS

T

WLS
WLS

GLS B GLS

f

X
X

�

�

�

�

� �
� � �

�

� �
� �

�

�

�

�

�

� �
�

� �
�

�

� �
� �
� �� �

, (26)

where
 �̂  represents the skew data, and
 � �� ,B GLS�� �2  is the exponential prior for the model error 

variance described by the following 
equation:

 � � ��

� ��
,

,

B GLS e B GLS
�

� � �� � � �2

2

 (27)

where �� ,B GLS� �2
0 . A value of 10 was adopted for lambda 

(λ), corresponding to a mean �� ,B WLS�
2  of 0.1. That exponential 

prior assigns a 63 percent probability to the interval [0, 0.1], 
86 percent probability to the interval [0, 0.2], and 95 percent 
probability to the interval [0, 0.3].

The mean B–GLS model error variance (�� ,B GLS�
2 ) 

can then be used to compute the precision of the regression 
parameters ( ˆ

WLS� ) that were calculated with the WLS weights 
W. The GLS covariance matrix for the WLS estimator ˆ

WLS�  is 
as follows:

 � �2
, –

ˆ T
WLS GLS B GLSW W�� �� ��  (28)

where � �2
, –GLS B GLS���  is an n×n GLS covariance matrix 

calculated as follows:

 � �2 2
, – , – ˆGLS B GLS B GLS I� �� � �� � ��  (29)

where
 I is an n×n identity matrix,
 �̂�  is a full n×n matrix that contains the 

sampling variances of the Var[ �̂ ] and the 
covariances of the skew �̂ .

The off-diagonal values of �̂�  are determined by the 
cross correlation of concurrent systematic annual peak flows 
and the cfij factor (eq. 17; Martins and Stedinger, 2002, eq. 3). 
When calculating the cfij factor using the ratio between the 
number of concurrent peak flows at streamgage pairs and 
the total number of peak flows at both streamgages, only the 
systematic records and historic peaks are considered. Thus, 
any additional information provided by perception thresholds 
and censored peaks included in the EMA analysis would have 
been neglected in the calculation of the cross correlation of 
peak flows and the cfij factor. Precision metrics include the 
standard error of the regression parameters [ � �ˆ

WLSSE � ], the 
model error variance (�� ,B GLS�

2 ), the pseudocoefficient of 
determination (pseudo- Rδ

2 ), as well as the average variance 
of prediction at a streamgage not used in the regional model 
(AVPnew). The pseudo- Rδ

2 , describes the estimated fraction of 
the variability in the true skew from streamgage to streamgage 
explained by each model (Gruber and others, 2007; Parrett and 
others, 2011).

New England Regional Skew Study Results

All available basin characteristics compiled for the New 
England regional skew study using the B–WLS/B–GLS 
regression methodology were initially considered as possible 
explanatory variables and evaluated but none produced a 
pseudo- Rδ

2  greater than 10 percent, indicating that the basin 
characteristics did not explain the variation in at-site skews 
within New England. Hence, a constant model, one that does 
not vary with basin characteristics, was developed to predict 
the regional skew for New England from the sample mean of 
153 streamgages with at least 30 years of PRL (table 2); this 
model produced a skew of 0.37, the only statistically signifi-
cant skew for the region.

The constant model does not explain any variability in 
the skew, so the pseudo- Rδ

2  equals 0. However, the addition 
of any of the available basin characteristics or combination 
thereof did not produce a pseudo- Rδ

2  greater than 13 per-
cent. This indicates that the inclusion of basin characteristics 
as explanatory variables in the regression help explain only 
13 percent of the total variability in the true skew for New 
England. Thus, the addition of basin characteristics is not war-
ranted because the increased model complexity does not result 
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Table 2. Regional skew model and model fit for New England 
regional skew constant model.

[Pseudocoefficient of variation (pseudo- Rδ
2 ) describes the percentage of the 

variability in the true skews explained by each model (Gruber and others, 
2007). ��

2 , model error variance; ASEV, average sampling error variance; 
AVPnew, average variance of prediction for a new streamgage; XX, not 
applicable]

Model
Regres-

sion 
constant

��
2 ASEV AVPnew

Pseudo- Rδ
2

 
(percent)

Skewness 
coefficient

0.37 0.13 0.013 0.14 0

Standard 
deviation

0.11 0.03 XX XX XX

in a gain in model precision. The constant model provides the 
best estimate of regional skew for New England.

The posterior mean of the constant model error variance  
( ) is 0.13 (table 2). The average sampling error variance of 
the constant model was 0.013, which represents the average 
error in the regional skew as measured in the at-site skew 
at streamgages used in the analysis. The average variance 
of prediction at a new streamgage (AVPnew) corresponds to 
the MSE (Interagency Advisory Committee on Water Data, 
1982) used to describe the precision of the generalized skew. 
The constant model has an AVPnew equal to 0.14, which 
corresponds to an effective record length of 56 years. An 
AVPnew of 0.14 is a marked improvement compared with 

��
2

the average variance of prediction shown in the national 
skew map of B17B, where the reported MSE of 0.302 has 
a corresponding effective record length of only 17 years. 
Thus, the new regional model has more than three times the 
information content (as measured by effective record length) 
of that calculated for the map of B17B.

Bayesian Regression Diagnostics

To determine if a model is a good representation of 
the data and which regression parameters, if any, should be 
included in a regression model, diagnostic statistics have 
been developed to evaluate how well a model fits a regional 
hydrologic dataset (Griffis, 2006; Gruber and Stedinger, 2008). 
In a regional skew study, possible explanatory variables are 
evaluated to provide a region with the most accurate skew 
prediction while keeping the model as simple as possible. This 
section details the diagnostic statistics for a B–WLS/B–GLS 
analysis for the New England regional skew study.

A pseudoanalysis of variance (pseudo-ANOVA) table 
contains regression diagnostics and goodness of fit statistics 
(table 3). In particular, these statistics describe how much of 
the variation in the observations can be attributed to the 
regional model and how much of the residual variation can be 
attributed to model error and sampling error. Difficulties arise 
in determining these quantities. The model errors cannot be 
resolved because the values of the sampling error (ηi) for each 
streamgage i are not known. However, the sum of the squares 
of the sampling error ηi can be described by the mean value 
of the sampling errors,  where there are n equations 

1
ˆ[ ]

n

i
i
Var �

�
�

Table 3. Pseudoanalysis of variance for the New England regional skew constant model.

[n, number of streamgages; k, number of basin parameters]

Source
Degrees of freedom

Equations Sum of squares
Formula Value

Model k 0
n k� �� �

2 2
0� � � � ��� ��

0

Model error n–k–1 107
n k��

2 � ��� ��
20

Sampling error n 108
� �

1
î

n

i
Var �

�
�

 

21

Total 2n–1 215
� � � �2

1
î

n

i
n k Var� ��

�

� � �� � �
41

� �
� �

1
2  

î
n

i
Var

EVR
n k��

�
��
� �� �

�
1.0

MBV
Var b GLS analysis

Var b WLS analysis
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WLS

T
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|

|
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(equal to the number of streamgages in the study) and the total 
variation due to the model error (δ) for a model with k 
parameters has a mean equal to n k��

2 � � .
For a model with no explanatory parameters (γi) other 

than the mean (as was found by the constant model in this 
study), the estimated model error variance (��

2
0� � ) describes 

all the variation in γi = µ + δi, where µ is the mean of the 
estimated at-site skews and δi is the model error for each 
streamgage i. Thus, the total expected variation in the sum of 
squares due to δi and ηi is as follows:

 � � � �2

1
0 ˆˆ i

n

i i i
i
Var�� � � ��

�

� � �� � . (30)

For a nonconstant regional model, the expected sum of 
squares for n streamgages attributed with k parameters equals 
n k� �� �

2 2
0� � � � ��� ��  because the sum of the model error vari-

ance n k��
2
( )  and the variance explained by the model must 

equal n��
2
0� � . This division of the variation in the observa-

tions is referred to as a pseudo-ANOVA because the contribu-
tions of the three sources of error are estimated or constructed 
rather than being determined from the computed residual 
errors and the observed model predictions, while also ignoring 
the effect of correlation among the sampling errors.

The error variance ratio (EVR) is a diagnostic value used 
to evaluate if a simple OLS regression is sufficient or if a more 
sophisticated WLS or GLS analysis is appropriate. The EVR is 
the ratio of the average sampling error variance to the model 
error variance. An EVR greater than 0.20 generally indicates 
that the sampling variance is not negligible when compared 
to the model error variance, suggesting the need for a WLS or 
GLS regression analysis. The EVR is calculated as follows:

 � �
� �

� �

� �
1

2

ˆ
sampling error

model error

n

i
i
VarSS

EVR
SS n k�

�

�
�� �
�

, (31)

where SS is the sum of squares.
The misrepresentation of the beta variance (MBV*) statis-

tic is used to determine whether a WLS regression is sufficient 
or if a GLS regression is appropriate to determine the preci-
sion of the estimated regression parameters (Griffis, 2006; 
Veilleux, 2011). The MBV* describes the error produced by a 
WLS regression analysis in its evaluation of the precision of 
the WLS intercept ( bWLS0 ), which is the estimator of the con-
stant β0

WLS , because the covariance among the estimated at-
site skews �̂  generally has its greatest effect on the precision 
of the constant term (Stedinger and Tasker, 1985). If the MBV* 
is substantially greater than 1, then a GLS error analysis 
should be employed. Conversely, a WLS analysis is sufficient 
for small values of MBV*. The MBV* is calculated as,

 0*

0

1

|  

|  

WLS T

nWLS

i
i

Var b GLS analysis w wMBV
Var b WLS analysis w

�

� � �� �� �
� �� � �

, (32)

where w is the vector of weights for the WLS analysis.

The pseudo-ANOVA results for the constant model  
(k = 0), along with other model diagnostics, determined for 
the New England regional skew model are provided in table 3. 
The constant model does not have any explanatory variables, 
thus the variation attributed to the model is 0. The constant 
model has a sampling error variance greater than its model 
error variance (table 3); the EVR for the constant model has 
a value of 1.05. The sampling variability in the sample skew 
was greater than the error in the regional model. Thus, an OLS 
model that neglects sampling error in the at-site skew may 
not provide a statistically reliable analysis of the data. Given 
the variation of record lengths among streamgages, a WLS or 
GLS analysis is needed to evaluate the final precision of the 
model rather than a simple OLS analysis. 

The MBV* for the constant model is equal to 7.8. This is 
a large value, indicating the cross correlation among the skew 
estimators has had an effect on the precision with which the 
regional average skew can be estimated; if a WLS precision 
analysis were used for the estimated constant parameter in the 
constant model, then the variance would be underestimated 
by a factor of 7.8. Thus, a WLS analysis would seriously 
misrepresent the variance of the constant in the New England 
regional skew model. Moreover, a WLS model would result 
in underestimation of the variance of prediction given that the 
sampling error in both the WLS and GLS models was suf-
ficiently large enough to make an appreciable contribution to 
the average variance of prediction.

Leverage and Influence

Leverage and influence diagnostics statistics can be 
used to identify rogue observations and to effectively address 
lack-of-fit when estimating skews. Leverage identifies those 
streamgages in the analysis where the observed values have 
a large effect on the fitted (or predicted) values (Hoaglin 
and Welsch, 1978). Generally, leverage considers whether 
an observation, or explanatory variable, is unusual and thus 
likely to have a large effect on the estimated regression skews 
and predictions. Unlike leverage, which highlights points 
that have the ability or potential to affect the fit of the regres-
sion, influence attempts to describe those points that have an 
unusual effect on the regression analysis (Belsley and oth-
ers, 1980; Cook and Weisberg, 1982; Tasker and Stedinger, 
1989). An influential observation is one with an unusually 
large residual that has a disproportionate effect on the fitted 
regression relations.

Influential observations often have high leverage. If p is 
the number of estimated regression skews (p = 1 for a constant 
model) and n is the sample size (or number of streamgages in 
the study), then leverage values have a mean of p/n and values 
greater than 2p/n are generally considered large. Influence 
values greater than 4/n are typically considered large (Tasker 
and Stedinger, 1989; Veilleux, 2011; Veilleux and others, 
2011). Veilleux and others (2011) and Veilleux (2011) provide 
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Table 4. Streamgages with high influence in the New England regional skew constant model.

[High influence is defined as Cook’s D values greater than 4/n (or 4/153 = 0.026). Each of the streamgages was assigned a rank from 1 to 153 for each category 
(pseudorecord length [PRL], unbiased at-site skew, unbiased mean squared error [MSE] of at-site skew, residual) where a rank of 1 corresponds to the highest 
positive value in each category. ME, Maine; NH, New Hampshire; MA, Massachusetts; CT, Connecticut]

Index 
number

USGS  
streamgage 

number
State Cook’s D Leverage

Pseudo ERL 
(years)

Unbiased 
(at-site skew)

Unbiased MSE  
(at-site skew)

Residual

Value Rank Value Rank Value Rank Value Rank

19 1055000 ME 0.137 0.0074 82 29 –1.5 153 0.28 14 –1.88 153

166 1150900 NH 0.120 0.0075 84 22 2.1 2 0.41 7 1.71 2

115 1176000 MA 0.087 0.0079 99 11 1.7 5 0.29 13 1.31 5

33 1124000 CT 0.053 0.0053 42 133 2.3 1 1.03 1 1.98 1

110 1173500 MA 0.042 0.0055 45 124 2.0 3 0.58 3 1.65 3

62 1209700 CT 0.033 0.0058 49 113 1.7 4 0.42 6 1.35 4

99 1162000 MA 0.031 0.0078 94 14 1.2 10 0.17 43 0.81 10

163 1142500 NH 0.029 0.0092 163 3 1.0 19 0.09 132 0.63 19

120 1185500 MA 0.027 0.0079 98 12 1.1 12 0.15 56 0.74 12

a detailed description of the equations used to determine influ-
ence and leverage for a B–WLS/B–GLS analysis.

For the New England regional skew constant model, 
high influence is defined as influence greater than 0.026 (or 
4p/n = 4/153) and high leverage is defined as leverage greater 
than 0.013 (or 2p/n=(2×1)/153). No sites in the study had high 
leverage, and thus the differences in the leverage values for the 
constant model reflect the variation in record lengths among 
sites. Nine sites in the study have high influence (table 4) and 
thus have an unusually large effect on the fitted regression 
relation. The five sites with the greatest unbiased at-site skew 
are part of the nine sites with high influence. The most influen-
tial streamgage (USGS 01055000, Swift River near Roxbury, 
Maine), as measured by Cook’s distance (Cook, 1977) and 
the unbiased skew and residual ranks, also has the smallest 
unbiased at-site skew (that is, the most negative skew) of all 
streamgages used in the study. Each of the 153 streamgages 
used in the regional skew study was assigned a rank from 1 to 
153, where a rank of 1 corresponds to the highest positive 
value in each category.

Summary
The flood frequency guidelines for the United States 

recommend fitting a log-Pearson type III distribution to a 
series of annual flood maximums. This distribution, in the 
specific case of flood frequency analysis, is described by three 
moments: the mean, the standard deviation, and the skewness 
coefficient (or skew) of the logarithms of the flow. The skew is 
very sensitive to extreme events, such as large floods, because 
they cause a sample to be highly skewed, or asymmetrical.

The magnitude of annual exceedance probability floods 
is greatly affected by the skew of the annual peak flows at a 

streamgage. Thus, the recommended method for estimating 
streamgage skew is to weight the station skew with a regional 
skew to better reflect regional and long-term hydrology.

In order to determine the at-site skew for each streamgage 
in the regional skew analysis, an expected moments algorithm 
with multiple Grubbs-Beck censoring of potentially influen-
tial low floods was used to compute moments of the loga-
rithms for the log-Pearson type III distribution. The Bayesian 
weighted least squares/Bayesian generalized least squares 
regression method was used to develop a regional skew model 
for New England.

The study area for the New England regional skew 
analysis consists of the entire States of Connecticut, Maine, 
New Hampshire, Rhode Island, Vermont, most of Massachu-
setts (excluding Cape Cod and the islands), and the eastern-
most part of New York. The region spans about 500 miles 
from southeastern Connecticut to northern Maine. A total 
of 186 streamgages were evaluated for use in the analysis. 
Streamgage basin characteristics were obtained from the Geo-
spatial Attributes of Gages for Evaluating Streamflow, version 
II (GAGES II) database. Various basin characteristics were 
considered as possible explanatory variables in the Bayesian 
weighted least squares/Bayesian generalized least squares 
regression analysis for regional skew. All available basin char-
acteristics were evaluated, but none produced a pseudocoef-
ficient of determination greater than 13 percent, indicating that 
basin characteristics did not help in explaining the variation 
in at-site skews in New England. Based on the results of these 
analyses, a regional skew constant model was chosen. The 
constant model yielded a regional skew of 0.37, a model error 
variance of 0.13, and an average variance of prediction at a 
new site of 0.14. An average variance of prediction of 0.14 is 
a marked improvement from the skew from the nationally rec-
ommended flood frequency guidelines, whose reported mean 
squared error is 0.302.
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Table 1. Streamgages in Connecticut, Maine, Massachusetts, New Hampshire, Rhode Island, Vermont, and easternmost 
New York used in the New England regional skew analysis.—Continued

[USGS, U.S. Geological Survey; EMA, expected moments algorithm; MSE, mean squared error; No-R, streamgage not used in regional skew analysis 
because of redundancy; No-P, streamgage not used in regional skew analysis because the pseudorecord length (PRL) was less than 30 years]

Regional skew 
index number

USGS  
streamgage 

number

State where 
streamgage  
is located

PRL

EMA analysis
Used in regional 

skew modelSkew, 
in log units

MSE of skew, 
in log units

1 01011000 Maine 80 -0.09 0.07 Yes
2 01013500 Maine 87 -0.10 0.05 Yes
3 01015800 Maine 54 -0.44 0.13 Yes
4 01016500 Maine 32 0.08 0.16 Yes
5 01018000 Maine 50 -0.11 0.80 Yes
6 01022500 Maine 64 -0.01 0.08 Yes
7 01023000 Maine 60 0.18 0.08 Yes
8 01030500 Maine 109 0.13 0.06 Yes
9 01031500 Maine 117 -0.01 0.05 Yes

10 01033500 Maine 65 0.29 0.10 Yes
11 01035000 Maine 64 0.32 0.10 Yes
12 01038000 Maine 73 0.57 0.11 Yes
13 01046000 Maine 41 0.27 0.14 Yes
14 01047000 Maine 86 -0.14 0.07 Yes
15 01048000 Maine 107 -0.28 0.06 Yes
16 01049000 Maine 83 0.12 0.07 Yes
17 01054200 Maine 51 -0.51 0.14 Yes
18 01054300 Maine 30 -0.56 0.15 Yes
19 01055000 Maine 82 -1.41 0.24 Yes
20 01055500 Maine 92 0.21 0.06 Yes
21 01057000 Maine 104 -0.18 0.05 Yes
22 01058500 Maine 48 0.91 0.19 Yes
23 01059800 Maine 21 -0.74 0.21 No-P
24 01060000 Maine 55 0.06 0.10 Yes
25 01066000 Maine 222 -0.03 0.03 Yes
26 01066500 Maine 70 0.27 0.08 Yes
27 01118300 Connecticut 53 0.11 0.10 Yes
28 01119500 Connecticut 80 0.65 0.11 Yes
29 01120000 Connecticut 59 0.22 0.10 Yes
30 01120500 Connecticut 31 0.29 0.19 Yes
31 01121000 Connecticut 71 0.56 0.11 Yes
32 01123000 Connecticut 60 -0.17 0.10 Yes
33 01124000 Connecticut 42 2.05 0.79 Yes
34 01126000 Connecticut 47 0.30 0.13 Yes
35 01126500 Connecticut 50 0.26 0.12 Yes
36 01127500 Connecticut 81 0.24 0.08 Yes
37 01184100 Connecticut 52 0.14 0.11 Yes
38 01184490 Connecticut 45 0.21 0.13 Yes
39 01184500 Connecticut 56 1.08 0.21 No-R
40 01187300 Connecticut 61 0.06 0.09 Yes
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Table 1. Streamgages in Connecticut, Maine, Massachusetts, New Hampshire, Rhode Island, Vermont, and easternmost 
New York used in the New England regional skew analysis.—Continued

[USGS, U.S. Geological Survey; EMA, expected moments algorithm; MSE, mean squared error; No-R, streamgage not used in regional skew analysis 
because of redundancy; No-P, streamgage not used in regional skew analysis because the pseudorecord length (PRL) was less than 30 years]

Regional skew 
index number

USGS  
streamgage 

number

State where 
streamgage  
is located

PRL

EMA analysis
Used in regional 

skew modelSkew, 
in log units

MSE of skew, 
in log units

41 01187800 Connecticut 30 0.65 0.23 Yes
42 01188000 Connecticut 80 0.02 0.07 Yes
43 01189000 Connecticut 75 0.42 0.09 Yes
44 01190500 Connecticut 46 0.21 0.13 Yes
45 01191000 Connecticut 27 1.43 0.46 No-P
46 01192500 Connecticut 85 0.08 0.07 Yes
47 01192883 Connecticut 50 -0.36 0.13 Yes
48 01193500 Connecticut 83 0.55 0.10 Yes
49 01194000 Connecticut 51 0.49 0.14 Yes
50 01194500 Connecticut 55 1.34 0.30 No-R
51 01195100 Connecticut 30 1.29 0.38 Yes
52 01196500 Connecticut 81 -0.12 0.07 Yes
53 01196620 Connecticut 35 0.33 0.17 Yes
54 01199000 Connecticut 99 0.50 0.08 No-R
55 01199050 Connecticut 50 0.15 0.11 Yes
56 01200000 Connecticut 79 0.37 0.09 Yes
57 01203600 Connecticut 26 -0.32 0.21 No-P
58 01204000 Connecticut 79 0.68 0.11 Yes
59 01208925 Connecticut 39 -0.07 0.13 Yes
60 01208950 Connecticut 52 0.74 0.16 Yes
61 01208990 Connecticut 50 0.05 0.11 Yes
62 01209700 Connecticut 49 1.53 0.34 Yes
63 01094500 Massachusetts 76 0.37 0.09 Yes
64 01096000 Massachusetts 62 -0.14 0.09 Yes
65 01097000 Massachusetts 70 0.12 0.08 Yes
66 01097300 Massachusetts 48 -0.13 0.12 Yes
67 01099500 Massachusetts 74 -0.21 0.08 No-R
68 01100600 Massachusetts 48 0.24 0.12 Yes
69 01101000 Massachusetts 66 0.47 0.11 Yes
70 01102000 Massachusetts 81 0.12 0.07 Yes
71 01102500 Massachusetts 72 0.37 0.09 Yes
72 01104500 Massachusetts 80 0.26 0.08 Yes
73 01105000 Massachusetts 72 0.53 0.11 No-R
74 01105500 Massachusetts 59 0.61 0.13 Yes
75 01105600 Massachusetts 45 -0.14 0.12 Yes
76 01105730 Massachusetts 45 0.12 0.12 Yes
77 01105870 Massachusetts 45 -0.05 0.12 Yes
78 01106000 Rhode Island 38 -0.57 0.19 Yes
79 01108000 Massachusetts 65 0.05 0.08 Yes
80 01109000 Massachusetts 86 0.27 0.08 Yes
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Table 1. Streamgages in Connecticut, Maine, Massachusetts, New Hampshire, Rhode Island, Vermont, and easternmost 
New York used in the New England regional skew analysis.—Continued

[USGS, U.S. Geological Survey; EMA, expected moments algorithm; MSE, mean squared error; No-R, streamgage not used in regional skew analysis 
because of redundancy; No-P, streamgage not used in regional skew analysis because the pseudorecord length (PRL) was less than 30 years]

Regional skew 
index number

USGS  
streamgage 

number

State where 
streamgage  
is located

PRL

EMA analysis
Used in regional 

skew modelSkew, 
in log units

MSE of skew, 
in log units

81 01109060 Massachusetts 45 -0.39 0.14 No-R
82 01109070 Massachusetts 45 0.05 0.12 Yes
83 01109500 Massachusetts 55 0.60 0.14 Yes
84 01110000 Massachusetts 72 0.01 0.07 Yes
85 01110500 Massachusetts 47 0.41 0.14 No-R
86 01111300 Rhode Island 45 0.24 0.13 No-R
87 01111500 Rhode Island 69 0.18 0.09 Yes
88 01112500 Rhode Island 83 0.38 0.08 No-R
89 01114500 Rhode Island 71 -0.14 0.08 Yes
90 01116000 Rhode Island 71 0.60 0.11 Yes
91 01117000 Rhode Island 71 0.96 0.15 Yes
92 01117350 Rhode Island 38 0.92 0.22 Yes
93 01117420 Rhode Island 36 0.52 0.18 No-R
94 01117468 Rhode Island 37 0.84 0.21 Yes
95 01117500 Rhode Island 71 0.96 0.15 Yes
96 01118000 Rhode Island 70 1.04 0.17 Yes
97 01118500 Rhode Island 72 0.96 0.15 No-R
98 01161500 Massachusetts 66 1.28 0.23 No-R
99 01162000 Massachusetts 94 1.11 0.15 Yes

100 01162500 Massachusetts 94 0.57 0.09 Yes
101 01163200 Massachusetts 47 -0.02 0.11 Yes
102 01165000 Massachusetts 32 1.17 0.32 Yes
103 01165500 Massachusetts 66 0.32 0.10 Yes
104 01168500 Massachusetts 98 0.38 0.07 No-R
105 01169000 Massachusetts 72 0.84 0.13 Yes
106 01169900 Massachusetts 45 0.85 0.19 Yes
107 01170100 Massachusetts 44 1.21 0.28 Yes
108 01171300 Massachusetts 37 -0.52 0.18 Yes
109 01171500 Massachusetts 73 -0.34 0.09 Yes
110 01173500 Massachusetts 45 1.78 0.45 Yes
111 01174000 Massachusetts 35 -0.47 0.18 Yes
112 01174500 Massachusetts 75 0.80 0.12 Yes
113 01174900 Massachusetts 36 -0.28 0.16 Yes
114 01175670 Massachusetts 51 0.00 0.10 Yes
115 01176000 Massachusetts 99 1.58 0.26 Yes
116 01179500 Massachusetts 32 0.76 0.23 Yes
117 01180000 Massachusetts 29 0.39 0.21 No-P
118 01180500 Massachusetts 54 0.95 0.18 Yes
119 01181000 Massachusetts 76 0.37 0.09 Yes
120 01185500 Massachusetts 98 1.05 0.14 Yes
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Table 1. Streamgages in Connecticut, Maine, Massachusetts, New Hampshire, Rhode Island, Vermont, and easternmost 
New York used in the New England regional skew analysis.—Continued

[USGS, U.S. Geological Survey; EMA, expected moments algorithm; MSE, mean squared error; No-R, streamgage not used in regional skew analysis 
because of redundancy; No-P, streamgage not used in regional skew analysis because the pseudorecord length (PRL) was less than 30 years]

Regional skew 
index number

USGS  
streamgage 

number

State where 
streamgage  
is located

PRL

EMA analysis
Used in regional 

skew modelSkew, 
in log units

MSE of skew, 
in log units

121 01197000 Massachusetts 76 0.25 0.08 No-R
122 01197500 Massachusetts 76 0.40 0.09 Yes
123 01198000 Massachusetts 28 0.84 0.15 No-P
124 01331500 Massachusetts 79 0.69 0.11 Yes
125 01332000 Massachusetts 63 0.50 0.12 Yes
126 01333000 Massachusetts 62 -0.05 0.09 Yes
127 01333500 New York 64 0.53 0.12 Yes
128 01334500 New York 100 0.82 0.10 No-R
129 01360640 New York 21 -0.65 0.30 No-P
130 01052500 New Hampshire 70 0.37 0.10 Yes
131 01064300 New Hampshire 41 0.24 0.14 Yes
132 01064400 New Hampshire 28 -0.14 0.19 No-P
133 01064500 New Hampshire 88 -0.11 0.05 No-R
134 01065000 New Hampshire 62 0.23 0.09 No-R
135 01073000 New Hampshire 77 0.18 0.08 Yes
136 01073500 New Hampshire 77 0.41 0.09 Yes
137 01073600 New Hampshire 47 0.29 0.12 Yes
138 01074520 New Hampshire 49 0.10 0.07 Yes
139 01075800 New Hampshire 35 0.49 0.19 Yes
140 01076500 New Hampshire 108 0.39 0.07 Yes
141 01078000 New Hampshire 122 0.42 0.06 Yes
142 01082000 New Hampshire 68 0.38 0.09 Yes
143 01084000 New Hampshire 50 0.74 0.11 Yes
144 01084500 New Hampshire 63 0.48 0.11 Yes
145 01085800 New Hampshire 49 0.06 0.11 Yes
146 01086000 New Hampshire 52 0.33 0.09 Yes
147 01089100 New Hampshire 59 0.12 0.09 Yes
148 01089500 New Hampshire 62 0.59 0.09 Yes
149 01091000 New Hampshire 44 1.11 0.18 Yes
150 01093800 New Hampshire 41 0.26 0.14 Yes
151 01094000 New Hampshire 160 0.45 0.05 Yes
152 01127880 New Hampshire 21 -0.43 0.27 No-P
153 01130000 New Hampshire 71 -0.17 0.08 Yes
154 01133000 New Hampshire 70 0.84 0.12 Yes
155 01134500 New Hampshire 65 0.37 0.10 Yes
156 01135150 New Hampshire 21 1.49 0.56 No-P
157 01135300 New Hampshire 21 1.25 0.45 No-P
158 01135500 New Hampshire 83 0.36 0.08 Yes
159 01137500 New Hampshire 72 0.24 0.09 Yes
160 01139000 New Hampshire 71 0.25 0.09 Yes
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Table 1. Streamgages in Connecticut, Maine, Massachusetts, New Hampshire, Rhode Island, Vermont, and easternmost 
New York used in the New England regional skew analysis.—Continued

[USGS, U.S. Geological Survey; EMA, expected moments algorithm; MSE, mean squared error; No-R, streamgage not used in regional skew analysis 
because of redundancy; No-P, streamgage not used in regional skew analysis because the pseudorecord length (PRL) was less than 30 years]

Regional skew 
index number

USGS  
streamgage 

number

State where 
streamgage  
is located

PRL

EMA analysis
Used in regional 

skew modelSkew, 
in log units

MSE of skew, 
in log units

161 01139800 New Hampshire 53 0.19 0.11 Yes
162 01141800 New Hampshire 39 0.04 0.13 Yes
163 01142500 New Hampshire 163 0.97 0.08 Yes
164 01144000 New Hampshire 96 0.99 0.13 Yes
165 01145000 New Hampshire 71 -0.17 0.08 Yes
166 01150900 New Hampshire 84 1.94 0.36 Yes
167 01152500 New Hampshire 83 0.24 0.08 Yes
168 01153550 New Hampshire 69 0.37 0.10 Yes
169 01154000 New Hampshire 58 0.79 0.16 Yes
170 01155000 New Hampshire 46 0.54 0.16 Yes
171 01157000 New Hampshire 64 0.74 0.15 Yes
172 01160000 New Hampshire 60 0.71 0.15 Yes
173 01329000 Vermont 80 0.45 0.09 Yes
174 01334000 Vermont 80 0.04 0.07 Yes
175 04280000 Vermont 83 0.24 0.08 Yes
176 04280350 Vermont 25 -0.01 0.20 No-P
177 04282000 Vermont 83 -0.12 0.07 Yes
178 04282650 Vermont 22 -0.01 0.22 No-P
179 04282780 Vermont 22 0.31 0.25 No-P
180 04282795 Vermont 22 0.03 0.23 No-P
181 04287000 Vermont 78 0.25 0.08 Yes
182 04288000 Vermont 164 0.76 0.06 Yes
183 04292000 Vermont 85 0.11 0.06 Yes
184 04292700 Vermont 23 0.52 0.18 No-P
185 04296000 Vermont 60 -0.02 0.09 Yes
186 010965852 Vermont 25 0.17 0.21 No-P
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Appendix 1. Assessment of New England Regional Skew Constant Model 
Through Monte Carlo Realizations

The Monte Carlo simulations presented in this appendix 
address whether the apparent observed geospatial structure in 
the station skewness coefficient (skews; fig. 1–1) is evidence 
of model misspecification or is an artifact of random sampling 
variability, possibly confounded by the covariance structure of 
the errors. The Monte Carlo simulations were generated from 
a multivariate normal distribution with a mean equal to the 
constant from the New England regional skew constant model 
and a covariance matrix identical to the covariance matrix 
from the New England regional skew model. Both the mean 
and covariance of the multivariate normal distribution from 
which samples were drawn are described in detail below.

Observed, unbiased at-site skews developed for the New 
England Bayesian weighted least squares/Bayesian general-
ized least squares (B–WLS/B–GLS) regional skew constant 

model described in this report are depicted in figure 1–1, along 
with contour lines and shading to provide a sense of geo-
graphic patterns in the skews. The contouring algorithm used 
to generate the map in figure 1–1 shows a substantial amount 
of geospatial structure in the pattern of the unbiased at-site 
skews. In particular, the smaller skews (negative skews) in 
Maine, especially in northern and northwestern Maine (shaded 
blue and green), might be a cause for concern that a constant 
model is not representing all the observed variability in skew.

The skew /ˆBWLS BGLS�  from the constant model for the 
New England regional skew (table 2) is calculated from the 
following:

 / 0ˆ .37BWLS BGLS� �� � , (1–1)

where ε represents the total error, calculated as follows:

	 ε ~ N(0, Var(ε)), (1–2)

where N signifies a normal distribution of the total error in 
constant regional skew model determined in the B–GLS 
analysis. As described in equation 23, Var(ε) can be described 
as follows:

 � �2
, ,–

2 ˆB
T

GLS B L GLG S S I� ��� �� ��� � � ��  (1–3)

where
 

� �2
, –GLS B GLS��� is the n×n GLS covariance matrix, 

 �� ,B GLS�
2  is the B–GLS variance of the underlying 

model error δ,
 I is an n×n identity matrix, and
 �̂�  is the full n×n covariance matrix of the 

sampling errors for each streamgage (i).
The covariance matrix of the sampling errors is made up of 
the sampling variances of the unbiased at-site skew ( � �îVar � ) 
and the covariances of skew estimators ( î� ). The off-diagonal 
values of � ��̂�  are determined by the cross correlation of 
concurrent systematic annual peak flows and the cf factor that 
accounts for the sample size difference between streamgages 
and their concurrent record length (eq. 17; Martins and Ste-
dinger, 2002, eq. 3).

The model error variance ��
2  for the New England 

regional skew constant model is 0.13 (table 2), which was 
used in the Monte Carlo simulations. The covariance matrix 
� ��̂�  used in the Monte Carlo simulations is the same as the 

one used in the B–WLS/B–GLS (eq. 25).

-0.2-0.2

0

0

0.20.2

0.2

0.4

0.4

0.4

0.4

0.6

0.6

Observed skews (real)

-1
-0.8
-0.6
-0.4
-0.2

0
0.2
0.4
0.6
0.8
1

EXPLANATION

Figure 1–1. Map of at-site unbiased (unweighted) skews 
computed at 186 streamgages used to develop a regional skew 
for New England. The contour lines and shading provide a sense 
of geographic patterns in the skews.
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The results of the Monte Carlo simulations are depicted 
graphically (fig. 1–2) in twenty realizations of the expected 
patterns in the station skew if the station skews are normally 
distributed with a mean equal to 0.37 and with the Var(ε) 
given by equation 35. The Monte Carlo simulations reveal 
no consistent spatial pattern of the station skews, consistent 
with the observed pattern of the station skews of the constant 
model (figs. 1–1 and 1–2). Therefore, there is little evidence of 
a lack of fit based on the geographic patterns observed in the 
station skews.

Figure 1–2. Results of A–T, twenty Monte Carlo simulations 
of skews at 153 streamgages in New England. Simulations 
were generated from a multivariate normal distribution with 
a mean equal to the constant (0.37) from the New England 
regional skew model and a covariance matrix identical to 
the covariance matrix from the New England regional skew 
model. The contour lines and shading provide a sense of 
geographic patterns in the skews.
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Figure 1–2.—Continued
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