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ABSTRACT
Reliable methods for peak discharge predictions at ungaged locations are required for infrastructure design and floodplain man-
agement. For decades, a standard practice in the United States has been to utilize US Geological Survey regional regression 
equations (StreamStats) as a singular method. However, implementation of multiple methods, such as streamgage-based trans-
fers, rainfall-runoff modeling, and downscaled climate modeling, provides a more rigorous approach. The Flood Potential Portal 
(https://​flood​poten​tial.​erams.​com/​) Watershed Analysis module provides three streamgage-based methods for predictions, facil-
itating comparative evaluations of prediction bias across the United States. Our findings indicate that regional regression equa-
tions, overall, significantly underpredict 100-year (1% chance of exceedance; Q100) peak discharges by −26.6%. In contrast, index 
flood frequency (Q100) and expected flood potential discharge (Qefp) show minimal bias of +4.4% and 0%, respectively. Within the 
18 analyzed watersheds, regional regression equations underpredict in 15 (−55.1% to −1.8%, average: −27.8%), predict best in two, 
and overpredict in one. The other methods yield far less relative bias. Underprediction of −55.1% results in road-stream crossings 
having less than half the needed capacity, and an average bias of −27.8% indicates that crossings may be commonly undersized 
by more than a quarter—use of only regional regression equations for peak discharge predictions for bridges and culverts may 
result in infrastructure having insufficient flood resilience. A case study for a watershed impacted by the remnants of Hurricane 
Helene reveals underprediction of up to −53.2%; peak discharge bias could result in undersized structures. Resilient recovery 
requires the use of multiple predictive methods.

1   |   Introduction

Peak discharge magnitudes are required for the management 
and design of road-stream crossings and other stream valley in-
frastructure across the United States, to size bridge and culvert 
openings, as well as for floodplain and riparian ecosystem man-
agement. Most locations with such infrastructure do not have 
streamgage records—reliable prediction methods for ungaged 
locations are needed. Where streamgage data exists, a greater 
understanding of the reliability of standard statistical analyses 
for predicting appropriate design flood discharges is needed. 
For both ungaged and gaged locations, multiple predictions for 

each site are preferred for decision making, for practitioners to 
inspect for precision and note if any methods are systematically 
biased relative to each other. From this information, profes-
sional judgment is used to select the most appropriate design 
flood discharge estimate.

For decades, a standard practice to quantify magnitudes at un-
gaged locations has been to utilize peak flow statistics from the 
results of regional regression equations (Miller 2003; Kenney 
et  al.  2007; Waltemeyer  2008; Capesius and Stephens  2009; 
Kohn et  al.  2016) developed by the US Geological Survey 
(USGS). These are typically generated within the StreamStats 
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web application (Ries et al. 2024). These regressions are based 
on streamgage flood-frequency analyses using the Bulletins 
17B (IACWD 1982) and 17C (England et al. 2018) procedures. 
Are there systematic (relative) biases present with these 
predictions?

•	 Underestimation results in structures designed with un-
dersized openings for flood passage, overtopped roads and 
structures, avoidable damage and failures, as well as under-
estimated base flood elevations and floodplains with insuf-
ficient extents.

•	 Overestimation leads to unnecessary additional infrastruc-
ture costs and excessive floodplain regulatory constraints.

Underestimated peak flood discharges pose the greatest risk to 
lives, property, and infrastructure. Flooding is a leading cause 
of casualties from natural disasters, with tens to hundreds of 
deaths each year in the United States (Han and Sharif 2021)—
with underestimation, preventable deaths likely occur more 
frequently and in greater numbers. Lack of flood resilience 
from low biases in peak discharge estimates, if present, causes 
the impacts of catastrophic floods to be more extensive than 
necessary, instead of mitigating these impacts through stream 
corridor planning, engineered solutions, and flood insurance. 
Recent expansive riverine events, such as the Yellowstone re-
gion floods in June 2022 (Figure 1) and floods induced in the 
Southern Appalachians by powerful remnants of Hurricane 
Helene in September 2024 highlight the risks, with peak dis-
charge prediction bias potentially increasing the severity of 
devastation.

Climate change is modifying flood hazards in some locations 
in a variety of ways. Observed changes in flood severity, or 
nonstationarity (Lins and Cohn 2011; Galloway 2011; Francois 
et al. 2019) as monitored by the USGS streamgaging network, 
have been quantified using the flood potential method (Yochum 
et  al.  2019, 2024; USGCRP  2023) and presented in the Flood 
Potential Portal (https://​flood​poten​tial.​erams.​com/​) Mapping 

module, with tests for trends in 5 scales of flood magnitudes, 
annual and event flood frequencies, and flashiness. Increasing 
trends in large flood magnitudes have been quantified in 56 
(of 206) zones of similar flood response across the contiguous 
United States, with an average change (where increasing trends 
are present) of +6.7%, and a maximum of +33.8% observed in a 
portion of Western North Carolina. Decreasing trends in large 
flood magnitudes have been quantified in 57 other zones, with 
an average change of −13.6%. Flood severity is increasing in 
some areas and decreasing in other areas, though these trend 
analyses are limited by the decreasing availability of streamgage 
data in many portions of the United States.

Peak discharge estimation for design and planning of stream 
valley infrastructure and floodplain management requires a 
balance between rigor and pragmatism; interest in the use of 
complex methods and tools or strict adherence to singular ap-
proaches needs to be balanced by the demands of design prac-
tice as a licensed professional, the issue that no single method 
for flood discharge predictions is ideal in all circumstances, and 
given such situations as disaster recovery when thousands of es-
timates of design flood discharges may be needed for the most 
effective use of billions of dollars of infrastructure reconstruc-
tion funds. The use of multiple simple methods is an approach 
for addressing this issue, with replication needed to avoid the 
introduction of bias and future flood susceptibility. One simple 
approach, the rational method, has been documented to per-
form relatively well for predictions in small (headwater) water-
sheds (Mukherjee et al. 2024), but this method is limited to the 
smallest catchments. In regard to more complex approaches, 
advances are continuing to be made in rainfall-runoff modeling 
(Kumar et al. 2023), including the incorporation of future tem-
poral trends in the precipitation-frequency estimates presented 
in NOAA Atlas 15 (NOAA 2025), in climatological modeling (Li 
et al. 2022; Keller et al. 2022), and with the use of a variety of 
machine learning and other artificial intelligence methodolo-
gies (Kumar et  al.  2023; Jones et  al.  2023), but these methods 
can take substantial resources and time to implement for site 
specific design and planning activities.

FIGURE 1    |    Reconstruction of infrastructure along Rock Creek in Red Lodge, Montana, after the Yellowstone region floods of June 2022. 
Photograph collected on June 22, 2023. [Color figure can be viewed at wileyonlinelibrary.com]
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While it is important to incorporate observed increasing 
flood trends or prognostication of future changes in floods 
into peak discharge estimates, how do these changes com-
pare to biases induced by analytical methodologies? And if 
low biases do exist, is there a false narrative linking causation 
with climate change when such biases may instead be the re-
sult of data eccentricities and analysis aberrations? To test, 
the Flood Potential Portal (https://​flood​poten​tial.​erams.​
com/​) Watershed Analysis module was used to estimate 100-
year scale (1% annual exceedance probability) peak discharges 
for a range of watershed sizes using three methods that trans-
fer streamgage-based data to ungaged locations: flood po-
tential, index flood frequency, and USGS regional regression 
equations flood frequency (Yochum et al. 2024). Consistently 
having three sets of results at ungaged locations, using one 
tool, enables practitioners to more thoroughly evaluate histor-
ical streamgage data and therefore make more informed deci-
sions for greater flood resiliency, while working consistently 
and efficiently. Estimates of design peak discharges at road-
stream crossings were developed for 18 watersheds distrib-
uted across the contiguous United States. All bridge, culvert, 
and ford crossings for streams with a Strahler stream order 
≥ 3 were included in the analyses, for each watershed. Of spe-
cial interest is to understand if predictions made using the 
commonly implemented results of USGS regional regression 
equations frequently underpredict flood hazards; anecdotal 
experiences of practitioners have raised concerns regarding 
such underprediction, but this requires systematic evaluation. 
If such predictions are biased low, undersizing of bridge and 
culvert openings as well as the underestimation of floodplain 
risk results in insufficient flood resilience. Furthermore, 
systematically undersized stream valley infrastructure and 
floodplain extents enhance exposure to increasing flood 

magnitudes, worsening the impacts of climate variability and 
change where floods are becoming more severe.

2   |   Methods

To systematically assess bias across the contiguous United 
States, a watershed should be sampled in each of the 206 
flood potential zones (Yochum et  al.  2024). For this initial 
analysis, 18 watersheds (Figure 2) were selected for a census 
of road-stream crossings (Table 1) in 18 spatially distributed 
zones, within the framework of the flood potential method-
ology (Yochum et  al.  2019). These watersheds were selected 
to maximize diversity in precipitation, relief, flood potential, 
flashiness, and location. Each watershed was entirely within a 
single zone (flood potential method analysis area), and did not 
have major reservoir regulation. It was unknown prior to each 
watershed selection whether there was any systematic bias for 
any of the three approaches for predictions of peak discharges 
(a priori).

The Flood Potential Portal (https://​flood​poten​tial.​erams.​
com/​) Watershed Analysis module was used to generate peak 
discharge magnitudes for each site. This module provides 
predictions of peak flood discharge using three streamgage-
based methods: flood potential (Yochum et  al.  2019), index 
flood frequency (Dalrymple 1960; Hosking 1990; Hosking and 
Wallis  1993; Yochum et  al.  2024), and USGS regional regres-
sion equations flood frequency (Miller 2003; Kenney et al. 2007; 
Waltemeyer 2008; Capesius and Stephens 2009; Kohn et al. 2016) 
as computed in StreamStats (Ries et al. 2024) and presented in 
the Flood Potential Portal. The flood potential and index flood-
frequency methods use watershed area as the primary predictor 

FIGURE 2    |    Eighteen test watersheds with peak flood discharges computed using the Flood Potential Portal Watershed Analysis module, for a 
census of road-stream crossings with a Strahler order ≥ 3. [Color figure can be viewed at wileyonlinelibrary.com]
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and a secondary predictor (if significant) of average watershed 
slope, elevation, aspect, or average annual or monthly precip-
itation. The equations and analysis periods for each zone are 
provided as summary information within the Flood Potential 
Portal Mapping module. A list of datasets used in these analyses 
is provided in Table 2. The USGS regional regression equations 
and index methods provide flood-frequency estimates based on 
annual peak discharge estimates at each streamgage within re-
gions and flood potential zones, respectively. The flood potential 
method is a relatively simple analysis that identifies the central 
tendency of large floods across each of 206 zones delineated 
across the contiguous United States, using regressions of re-
cord peak discharges collected at more than 8200 streamgages. 
Explained variances of these regressions are high, with an aver-
age R2 = 0.93. Considering the complex meteorological and hy-
drological processes that generate large floods, and the observed 
high spatial variability in large flood magnitudes, the flood po-
tential method assumes that a reasonable design flood discharge 
for many applications is a value that has an even chance of both 
falling short and exceeding a flood magnitude—this central ten-
dency of large floods is the expected flood potential discharge.

The 100-year peak discharge (Q100) predictions for index flood 
and regional regression equations were compared to the ex-
pected flood potential discharge (Qefp), which has been found 
to be, generally, insignificantly different from Q100 discharges 
(Yochum et al. 2019). While the “true” flood hazard at any site 

is unknown, may be changing, and may be unknowable, results 
from multiple analyses can indicate a range of what a true flood 
hazard may be at each site (with a larger number of predictions 
providing greater confidence in this range, using an ensemble 
prediction strategy). The intent of this analysis is to initially ex-
plore possible bias using three methods that are repeatable using 
the Flood Potential Portal Watershed Analysis module, as an 
exploration of issues in flood magnitude prediction techniques 
that may be causing infrastructure to be undersized and flood-
plain risk to be understated.

All road-stream crossings with a Strahler stream order ≥ 3 in 
each test watershed had a watershed analysis performed in 
the Flood Potential Portal, as a census of crossings within the 
transportation system. An example watershed boundary and 
the analyzed road-stream crossings are provided for the Eagle 
River Watershed, Colorado (Figure 3). The National Hydrology 
Dataset (NHD) was used for the crossing determinations 
(ArcGIS source: https://​basem​ap.​natio​nalmap.​gov/​arcgis/​rest/​
servi​ces/​USGSH​ydroC​ached/​​MapSe​rver/​0). Each of these loca-
tions is a road crossing (bridge, culvert, or ford); this approach 
quantifies bias in each watershed at locations where such esti-
mates are actually needed, to maintain, repair, or replace exist-
ing structures to maintain transportation networks.

Modifications to this general procedure were occasionally uti-
lized. Specifically, stream order 3 or 4 (and higher) channels 

TABLE 1    |    Analyzed watersheds, with characteristics.

Watershed

Area Ave P Ave S

Zone

Pf R-B

(km2) (mi2) (mm) (in) (deg) Value % Value %

Big Creek, KS 1422 549 569 22 1.6 62 15.6 64th 0.55 81st

Broad River, GA 1963 758 1336 53 6.8 74S 14.4 60th 0.44 66th

Clark Fork, MT 2557 987 480 19 11.8 44 1.5 6th 0.07 2nd

S.F. Crow River, MN 2889 1115 744 29 1.1 67S 2.8 16th 0.1 8th

Eagle River, CO 2446 945 650 26 17.7 3 2.3 13th 0.10 8th

M.F. Eel River, CA 1928 745 1503 59 18.6 25 31.4 91st 0.42 64th

Homochitto River, MS 2050 791 1585 62 4.2 83SW 45.0 96th 0.61 86th

Kaweah River, CA 1350 521 956 38 23.3 23 16.6 68th 0.26 39th

Little Miami River, OH 950 367 1064 42 2.2 93 15.6 64th 0.48 72nd

Meramec River, MO 2023 781 1180 46 5.6 59 N 30.9 90th 0.51 75th

Mora River, NM 2848 1100 554 22 8.1 4 15.1 63rd 0.59 84th

Pemigewasset River, NH 1614 623 1398 55 12.6 106 23.5 80th 0.36 55th

S.B. Potomac River, WV 3782 1460 1054 41 16.7 72 N 34.8 93rd 0.37 57th

Redwater River, MT 1432 553 313 12 3.5 49 7.8 41st 0.51 75th

Sauk River, WA 1855 716 2690 106 27.1 38 25.9 86th 0.25 37th

Shoal Creek, TN 900 348 1534 60 7.8 81 37.1 94th 0.54 77th

Spanish Fork, UT 1628 628 591 23 18.3 9 1.8 8th 0.08 3rd

Tonto Creek, AZ 1740 672 611 24 15.6 16 16.8 68th 0.64 87th

Abbreviations: %, percentile rank, compared to 207 zones across the contiguous United States; P, average watershed annual precipitation; Pf, zone flood potential 
index; R-B, zone-average Richards-Baker flashiness index; S, average watershed slope; Zone, flood potential zone ID.
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in roadless portions of the Tonto Creek, Kaweah River, and 
the Middle Fork Eel River watersheds had analysis points 
added immediately above confluences despite road cross-
ings not being present; this was necessary to ensure a con-
sistent point density in these roadless areas. Due to the high 
stream channel density represented by NHD in Mississippi, 
a Strahler stream order of 4 was used as the analysis thresh-
old for the Homochitto River watershed. Additionally, re-
dundant crossings and home driveways, artificial channels, 
sites below flood-control reservoirs, and locations (on small 
streams) where the watershed was too small for application of 
the flood potential method or where StreamStats repeatedly 
failed to provide results within the flood potential portal were 
excluded.

It is most reasonable to assume that the median result is pre-
ferred for design and planning purposes (Yochum et al. 2024), 
to avoid both underestimation and overestimation, though some 
settings may justify the use of a higher value to avoid the risk of 
underestimation and to account for associated flood risks, such 
as large wood (debris) conveyance. In this analysis, it was as-
sumed that the median result is most appropriate for use, and 
dividing the three individual results at each location by this 
median value provides a relative bias ratio (β). If β is < 1, the 
individual estimate underpredicts, and if β is > 1, the individual 
estimate overpredicts. If relative errors are random and unbi-
ased, each analytical technique should have a similar number 
of sites with β values > 1, < 1, and = 1. However, if there is a dis-
proportionate result for any technique with β < 1, then that tech-
nique is biased low and underpredicts peak flood discharges. 
The percent (bias) underprediction or overprediction was com-
puted as (median β−1)*100.

Flood-frequency analyses for streamgages with ≥ 10 years of 
data in each of the 18 watersheds were also performed, using 
the Flood Potential Portal Streamgage Analysis module. The 
log-Pearson distribution and methods detailed in Bulletin 17B 
(IACWD  1982) and Bulletin 17C (England et  al.  2018) were 
used, using both station and weighted generalized skews, yield-
ing four sets of flood-frequency results at each streamgaged 
location. The largest Q100 discharge of these four was used for 
comparison to the median watershed analysis module result, 
for the computation of β ratios. This relative bias was compared 
to the bimodality index (Bi), computed for each streamgage as 
the maximum annual peak discharge divided by the median 
(Yochum et al. 2024).

3   |   Results

Across the entire dataset of 1517 points in 18 watersheds, re-
gional regression equations yield peak discharge Q100 values 
that significantly underpredict peak discharges (Figure  4; 
Table 3), with a relative bias of −26.6%. If sized using this com-
mon (StreamStats-based) method, these findings indicate that 
bridge and culvert openings could have commonly been un-
dersized by 26.6%. The index method Q100 had an overpredic-
tion bias of 4.4%, though this method had the least variability 
(standard deviation = 0.184). The flood potential discharge Qefp 
had no systematic bias but the greatest variability (standard de-
viation = 0.343), with this method substantially overpredicting 
peak discharge at some locations.

Grouping these results by watershed, 15 of the 18 assessed wa-
tersheds indicate significant Q100 underprediction in regional 
regression equations results (Table  3 and Figure  5). The rela-
tive bias ranges from −55.1% (Big Creek, Kansas) and −44.7% 
(South Branch Potomac River, West Virginia) to −1.8% (Middle 
Fork Eel River, California); use of such values could result in 
undersizing of road-stream infrastructure openings by half in 
some locations, and more than 25% in 10 of the 18 watersheds. 
Regional regression equations provided median (generally un-
biased) predictions for two of the 18 watersheds (Broad River, 
Georgia; Little Miami River, Ohio)—USGS regional regression 
equations provide the best peak discharge estimates in some 
zones and watershed sizes. Finally, in the Tonto Creek, Arizona 
watershed, regional regression equations results are biased high 
(+50.4%).

Relative bias often varies by watershed size (Figure 5). For ex-
ample, the Clark Fork, Montana regional regression results 
overpredict peak discharges for larger watersheds (> 300 km2) 
but underpredict in smaller watersheds, while these results in 
the Sauk River, Washington watershed predict similarly to the 
index flood and expected flood potential results in larger water-
sheds but underpredict in smaller watersheds.

The flood potential (Qefp) and index flood (Q100) methods yield 
predictions with less relative bias (Figures  4 and 5), generally 
without systematic underprediction. Results from the flood po-
tential method (Qefp) underpredict in three watersheds (−0.7%, 
−2.3%, −17.2%), overpredict in 9 (+1.1% to +105.4%), and are the 
median in 6 of the 18 watersheds. The flood potential method 
provided the most overpredicted peak discharges in this study 

TABLE 2    |    Summary of utilized datasets, with sources and version 
year or period of record.

Dataset description Source
Version/

period

Flood Potential Zones 
and Algorithms

US Forest Service 2024

Index Flood-Frequency 
Algorithms

One Water 
Solutions Institute

2024

Regional Regression 
Equations Results

US Geological 
Survey, 

StreamStats

2024

Streamgage Annual 
Peak Discharges

US Geological 
Survey

1815–2024

Annual and Monthly 
Precipitation, 2010

PRISM Group 1980–2010

Annual and Monthly 
Precipitation, 2020

PRISM Group 1990–2020

DEM Elevation Data US Geological 
Survey

2010

Surface Water Extent US Geological 
Survey

2022

Abbreviation: DEM, digital elevation model.
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(+105.4%), in the Mora River, New Mexico watershed, with a 
β standard deviation of 0.844. The index flood method (Q100) 
underpredicts in none of the watersheds, overpredicts in seven 
watersheds (+6.6% to +55.3%), and provides the most appropri-
ate results in 11 of the watersheds—in these tested watersheds 
using these three prediction methods, the index flood method 

is least susceptible to peak discharge underprediction and most 
commonly provides appropriate peak discharges for design. 
However, even in watersheds where, overall, the index flood 
method predicts without bias, for some watershed sizes, these 
predictions may not be the best. In the S.B. Potomac River wa-
tershed, for example, despite the zero overall bias for index flood 
results, the index flood method overpredicts in some smaller 
watersheds (Figure  5), and flood potential results are most 
appropriate.

4   |   Discussion

Systematic underestimation of riverine peak flood discharges, 
resulting in undersized bridge and culvert openings for flood 
passage and insufficient floodplain extents, can represent an 
existential threat to transportation networks, property, and life. 
Accordingly, the selection of design flood and base flood dis-
charges needs to be done with considerable care, using multiple 
methods to avoid biases that can be inadvertently introduced by 
any single approach. An available tool for achieving such mul-
tiple analyses is the Flood Potential Portal Watershed Analysis 
module (Yochum et  al.  2024). This tool predicts peak flood 
discharges at ungaged locations using three streamgage-based 
methods, providing results for designs and the data used in this 
assessment.

FIGURE 3    |    Boundary for the Eagle River Watershed, with 116 analysis points, National Hydrography Dataset streams, and populated places. 
[Color figure can be viewed at wileyonlinelibrary.com]

FIGURE 4    |    Box plots of relative bias ratios (β = Q/Qmedian), by meth-
od (USGS regional regression equations, index flood frequency, expect-
ed flood potential discharge), for the entire dataset. [Color figure can be 
viewed at wileyonlinelibrary.com]

 15351467, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/rra.70091, W

iley O
nline L

ibrary on [14/01/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

https://onlinelibrary.wiley.com/
https://onlinelibrary.wiley.com/


7River Research and Applications, 2026

Relative bias induced by USGS regional regression equations, 
a standard methodological approach for using streamgage data 
for predictions at ungaged locations, was found to be significant 
with the average bias (where present) of −27.8% being much 
greater (in absolute magnitude) than the average increasing 
trends in flood magnitudes of +6.7% (Yochum et al. 2024) due to 
climate variability and change, as well as other sources of non-
stationarity. Moreover, the largest bias (−55.1%) is substantially 
greater than the magnitude of the largest observed increasing 
trend (+33.8%; zone 76: Southern Blue Ridge Mountains in North 
Carolina). Twelve of the 18 watersheds underpredict peak dis-
charges by more than 20% (Figure 6). At this time, underpredic-
tion bias, where regional regression equations’ results are used 
for design and planning, has much greater impacts on flood re-
silience than observed flood severity enhancements. This previ-
ously undocumented exposure to flood risk has always existed, 
but has been obscured within the nuance of data and analyses. 
This finding counters the common attribution of poor flood 
resilience to climate change. Moreover, where trends in flood 
magnitudes are increasing, this analytical bias compounds the 
effects of climate change and other sources of non-stationarity.

Systematic underprediction bias from regional regression equa-
tions may be induced by a number of causes, including: vari-
able streamgage record lengths and periods, combined with the 
presence or absence of large floods in each record; the nature 
of the log-Pearson distribution utilized in Bulletins 17B and 17C 
methods, given the presence of bimodal and multimodal data 
(Yochum et al. 2024), also referred to as mixed population floods 
(England et al. 2018) and heavy tail behavior (Merz et al. 2022); 
and region extents that do not well represent the flood risk quan-
tified by the streamgaging network. Comparison of the median 
Watershed Analysis module results with streamgage analysis re-
sults illustrates the influence of data variability and analytical 
methods (Figure  7). Bias in streamgage analysis results (com-
pared to the median watershed analysis module results) gen-
erally increases with increasing bimodality (r = 0.697)—at sites 
where the largest annual peak discharges are much greater than 
typical annual peaks (the median), streamgage analysis results 
may overpredict the true flood risk as computed using neighbor-
ing and similarly responding watersheds (flood potential zones). 
Though there is substantial variability in this general trend, with 
nuance by record length.

TABLE 3    |    Bias ratio comparisons using paired two-sided t-tests and median percent bias (median β−1)*100, for the overall analysis and the 
individual watershed analyses.

Number 
of points

Paired two-sided t-test p-value Median bias (percent)

Regional 
regression 

Q100 vs. 
Q100 Index

Qefp vs. regional 
regression Q100

Q100 Index 
vs. Qefp

Regional 
regression 

Q100 Qefp Q100 Index

Overall 1517 < 2.2E−16 < 2.2E−16 0.5040 −26.6 0.0 4.4

Big Creek, KS 79 < 2.2E−16 < 2.2E−16 6.3E−07 −55.1 6.3 0.0

Broad River, GA 136 < 2.2E−16 0.0148 < 2.2E−16 0.0 −2.3 7.5

Clark Fork, MT 73 1.57E−05 7.36E−06 0.0517 −26.7 2.4 0.0

S.F. Crow River, MN 71 0.0001 0.0016 0.0473 −4.0 5.4 0.0

Eagle River, CO 116 < 2.2E−16 < 2.2E−16 0.0120 −30.9 0.0 6.6

M.F. Eel River, CA 78 < 2.2E−16 0.0052 < 2.2E−16 −1.8 0.0 19.1

Homochitto River, MS 86 < 2.2E−16 < 2.2E−16 < 2.2E−16 −39.6 0.0 55.3

Kaweah River, CA 60 < 2.2E−16 < 2.2E−16 1.15E−05 −29.6 7.7 0.0

Little Miami River, OH 44 0.716 0.0003 5.37E−07 0.0 −0.7 0.0

Meramec River, MO 119 < 2.2E−16 < 2.2E−16 2.48E−13 −21.2 7.6 0.0

Mora River, NM 92 < 2.2E−16 < 2.2E−16 3.85E−16 −40.0 105.4 0.0

Pemigewasset River, NH 80 < 2.2E−16 < 2.2E−16 2.89E−07 −28.4 9.0 0.0

S.B. Potomac River, WV 207 < 2.2E−16 < 2.2E−16 0.5546 −44.7 1.1 0.0

Redwater River, MT 69 < 2.2E−16 < 2.2E−16 4.59E−11 −28.9 0.0 8.1

Sauk River, WA 55 < 2.2E−16 < 2.2E−16 0.0002 −28.7 0.0 7.9

Shoal Creek, TN 76 < 2.2E−16 1.25E−11 < 2.2E−16 −14.9 0.0 33.3

Spanish Fork, UT 33 1.13E−05 < 2.2E−16 9.91E−15 −22.7 27.3 0.0

Tonto Creek, AZ 42 3.56E−13 < 2.2E−16 < 2.2E−16 50.4 −17.2 0.0

Abbreviation: vs., versus.
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8 River Research and Applications, 2026

FIGURE 5    |    Box plots and variability plots (by watershed size) of bias ratios (β = Q/Qmedian) computed for each point, by method. Utilized meth-
ods: USGS regional regression equations, from StreamStats (Reg. Regr., Q100); index flood frequency (Q100); expected flood potential (Qefp). (A) Big 
Creek – Middle Fork Eel River; (B) Homochitto River – Pemigewasset River; (C) South Branch Potomac River – Tonto Creek. [Color figure can be 
viewed at wileyonlinelibrary.com]
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FIGURE 5    |     (Continued).
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FIGURE 5    |     (Continued).
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The bottom-left quadrant of Figure  7 includes sites where 
streamgage flood-frequency analyses are underpredicting flood 
magnitudes (in places by 70% to 80%); these sites typically have 
fewer annual peak discharge values in each record. These are 
streamgages with shorter records that do not include a larger 
flood magnitude than other methods (and neighboring stream-
gages) indicate as being expected in that area. However, some 
sites in both this quadrant and the bottom-right quadrant do 
have longer records, indicating complexity in streamgage analy-
sis results using the log-Pearson distribution, where both lower 
and higher Bi sites can induce what may be underestimated 
design peak discharges. The upper right quadrant, where bi-
modality is high and streamgage analyses frequently appear to 
be overpredicting peak discharges (in places, dramatically so), 
streamgages predominantly have shorter record lengths but 
have experienced large or extreme floods compared to the re-
cords of neighboring streamgages. Other unknown mechanisms 
may also be at play.

USGS regional regression equations (as delivered through 
StreamStats) have been utilized for decades as a standard 
practice for the design of road-stream crossings and other 
applications at ungaged locations, with underprediction lead-
ing to undersized bridges and culverts that have insufficient 
capacity to safely convey expected flood magnitudes. If the 
relative bias assessments in these 18 watersheds are represen-
tative of the overall situation across the nation, undersized 
structures and insufficient floodplain capacity may be impair-
ing flood resiliency in much of the contiguous United States. 
From an infrastructure perspective, addressing this issue as 

structures exceed their effective life or fail can be expected to 
be expensive and take decades. Importantly, it is not suggested 
that regional regression equations not be used in analyses for 
peak flood discharge estimation; in some areas (such as the 
Little Miami River, Ohio and Broad River, Georgia water-
sheds) these estimates provide the best estimates for design 
and planning. In other areas (see the Cane Creek case study 
below), regional regression equations may underpredict for 
some watershed sizes but provide the best predictions in other 
watershed sizes. Potential low bias by any method for predict-
ing design flood discharges needs to be assessed on a site-by-
site basis, rather than a general deference to or disregard of 
any individual method.

The risk of incorporating bias into design and planning ef-
forts can be minimized by utilizing multiple methods—a best 
practice is to utilize at least three methods for each site to se-
lect a more informed and resilient design flood discharge. A 
single method should not be preferred—the median result is 
commonly most appropriate. Such analyses can be quickly 
performed using the Flood Potential Portal (https://​flood​poten​
tial.​erams.​com/​), which can also be used to account for ob-
served increasing trends in floods to adjust for nonstationar-
ity due to climate variability, change, and other mechanisms 
(using a monitor and adjust philosophy). For example, for Rock 
Creek at Red Lodge, Montana (Figure 1), use of the watershed 
analysis module in the Flood Potential Portal yields results 
of Qefp = 214 cms (7560 cfs); Q100 index = 181 cms (6400 cfs); and 
Q100 regional regression = 86 cms (3020 cfs), with an observed change 
in large flood magnitudes of +9.8%. From these results, the 

FIGURE 6    |    Relative bias (%) in US Geological Survey (USGS) regional regression equations results in 18 test watersheds. Peak discharges at the 
100-year (1% annual exceedance probability) scale are being underpredicted by regional regression equations (StreamStats) in most of the analyzed 
watersheds. [Color figure can be viewed at wileyonlinelibrary.com]
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most appropriate design flood discharge is the median value 
adjusted for the observed increasing magnitudes, specifically 
Qdesign = 181 cms*1.098 = 199 cms (7030 cfs). The regional re-
gression equation's result is biased low, with a value only 42% 
of the recommended design value. The bridge opening shown 
in Figure 1 appears to be small; the utilized design flood dis-
charge may be similar to the regional regression equation's 
result, resulting in poor flood resilience when the next large 
flood occurs.

4.1   |   Case Study: Cane Creek in Western North 
Carolina

Powerful remnants of Hurricane Helene induced catastrophic 
floods in the Southern Appalachians in September 2024, espe-
cially in Western North Carolina. Transportation infrastructure 
was damaged or destroyed, and floodplains inundated, resulting 
in 103 lives lost in North Carolina (NCDHHS 2024). Data and 
analyses indicate that this hurricane-induced flood event was 

FIGURE 7    |    Bias ratios (β) for 144 streamgage flood-frequency analysis results compared to the bimodality index, binned by record length (n). 
The gray area represents β values between 0.8 and 1.2, where β = 1 indicates exact agreement between the streamgage analyses and median Flood 
Potential Portal Watershed Analysis module results. [Color figure can be viewed at wileyonlinelibrary.com]

FIGURE 8    |    Percent bias in USGS Q100 regional regression equations results at road-stream crossings in the Cane Creek Watershed near Asheville, 
North Carolina. The point labeled as “−53.2%” indicates a bridge over Cane Creek where, if regional regression equations results were used for sizing 
(without freeboard), the opening would have been undersized by more than half. Zero values indicate points (with smaller watersheds) where the 
regional regression equations’ results are the median values and most appropriate for design. Pre-Helene data and analyses were utilized for peak 
discharge predictions in the Flood Potential Portal. [Color figure can be viewed at wileyonlinelibrary.com]
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not unprecedented (Flood Potential Portal Mapping module, 
zone 73S; Amorim et  al.  2025), with expansive floods experi-
enced in 1940 and 1916. If USGS regional regression equations 
results were used to quantify peak flood discharges at ungaged 
locations for design, would this result in infrastructure being 
undersized? The 164 km2 Cane Creek Watershed southeast of 
Asheville, NC (Figure 8) provides an example of transportation 
infrastructure vulnerability due to peak discharge prediction 
bias. Compared to the index flood frequency and Flood Potential 
results, regional regression equations substantially underpre-
dicted peak discharges (Figure 8). Underprediction bias of up to 
−53.2% was quantified. However, relative bias varies by water-
shed size, with no or little bias in smaller watersheds and the 
greatest bias in the largest watersheds—regional regression 
equations results are most appropriate (the median result) for 
design in many of the smallest watersheds, while flood poten-
tial or index results are most appropriate for larger watersheds. If 
regional regression equations were exclusively used to size road-
stream crossings, many primary bridges and culverts would be 
undersized and susceptible to damage and failure.

5   |   Summary and Conclusions

Using a dataset of peak discharge estimates at 1517 points collected 
as a census of road-stream crossings in 18 sampled watersheds dis-
tributed across the United States, relative bias was assessed in the 
three methods used for prediction in the Flood Potential Portal 
(https://​flood​poten​tial.​erams.​com/​) Watershed Analysis module. 
These methods are the flood potential, index flood frequency, and 
USGS regional regression equations flood frequency, with the me-
dian result at each point assumed to be most appropriate for use 
in design. Overall, variation from the median value for each site 
indicates significantly different results between regional regres-
sion equations and both index flood and expected flood potential, 
but insignificant differences between index flood and expected 
flood potential. Fifteen of the 18 watersheds indicated significant 
regional regression equations underprediction, with an average 
percent bias of −27.8% (ranging from −55.1% to −1.8%). Use of 
only this method for design would result in bridge and culvert 
openings being undersized by up to about half. If these sampled 
watersheds are representative of the overall contiguous United 
States, use of USGS regional regression equations at ungaged 
sites for design and planning may have inadvertently resulted in 
poor flood resilience across much of the United States. However, 
these 18 watersheds are relatively few compared to the vastness of 
the contiguous United States; additional analyses in many more 
watersheds, in the other 188 (of 206) flood potential zones, are 
needed to better understand bias. Despite this limitation, it is clear 
that a best practice in addressing bias in any technique for peak 
discharge prediction at ungaged locations is to use multiple (at 
least three) methods for prediction, with the median value being 
most reasonable in many situations for use (to avoid both under-
estimation and overestimation). Some settings may justify the use 
of a higher value. To ensure due diligence during design and plan-
ning activities, use of this best practice is recommended.

A case study of a watershed in Western North Carolina impacted 
by remnants of Hurricane Helene was provided to illustrate the 
vulnerability of transportation infrastructure to large floods. Peak 
flood discharges computed using regional regression equations, 

while appearing to perform without bias for numerous small wa-
tersheds (compared to this suite of prediction methods), under-
predict peak flood magnitudes by half for primary streams and 
larger watersheds—if this method was used for sizing bridges 
and culverts in this watershed, flood openings in many structures 
would be half the size needed to safely convey large floods.

Additional work is required to enhance the knowledge and data 
available for the field of flood hydrology. Specifically, research is 
needed to quantify how relative bias varies at much higher reso-
lution than this preliminary analysis using 18 watersheds, and to 
better elucidate mechanisms inducing bias in streamgage flood-
frequency analyses and the impacts of such bias on peak dis-
charge estimation at ungaged locations. Bias at return intervals 
other than the 100-year scale is also of interest. Dependence on 
a single statistical distribution in the United States, log-Pearson, 
may need to be reconsidered—consistent results should be a 
priority over consistent methods. Additional research into the 
physical basis of large flood production, such as spatial precipi-
tation variability, the influence of antecedent soil moisture, the 
importance of saturation-excess overland flow, and other physi-
cal processes, is additionally needed to increase the reliability of 
rainfall-runoff and downscaled climate modeling.
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