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Abstract 

Mississippi River navigation is disrupted by both low and high water extremes, yet shippers, 

ports, and terminals lack a simple instrument to transfer that risk. We test whether probabilistic 

forecasts of monthly streamflow can provide useful navigation-risk information. Using 

pretrained Chronos-2 at three major Mississippi River subbasin outlets, we compute navigation 

risk probabilities, parametric insurance premiums, and basis risk using land surface, atmospheric, 

and ocean predictors. Land surface and moisture-budget predictors provide the strongest 

forecast, with a probabilistic forecast skill relative to climatology declining from 0.30 at one 

month to 0.08 at four months. A perfect-future experiment that supplies the observed future land 

state while withholding discharge retains much greater skill, 0.44 at one month and 0.34 at four 

months, showing that uncertainty in the future land conditions is the main source of loss of 

streamflow predictability. Low-, high-, and combined-water probabilities are evaluated at 1-4 

months, to assess whether forecast-based risk pricing can send price signals for anticipatory 

action. Results support a 1-4 month decision time line and motivate initiating seasonal forecasts 

coupled to a land-surface or hydrologic model. 

Keywords: Mississippi River; hydrologic extremes; probabilistic streamflow forecasting; 

navigation risk; parametric insurance; basis risk 

1  Introduction 

The Mississippi River system is an important corridor for affordable inland freight in the U.S., 

carrying a large share of the nation's grain exports, bulk agricultural inputs, and petroleum 

products at approximately a 10th of rail and a 16th of truck costs (Wetzstein et al., 2021; 

Waterways Council Inc., 2023; Chen & Cheng, 2024). Navigability on this system is governed 
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not by average conditions but by extremes: when river stage or flow falls below or above Coast 

Guard low-water and high-water thresholds, allowable vessel drafts are restricted, tow sizes are 

reduced, and reaches may eventually be closed, due to low water or dangerous swift currents and 

submerged infrastructure (U.S. Army Corps of Engineers, Little Rock and Tulsa Districts, & 

U.S. Coast Guard, Sector Lower Mississippi River, 2023; U.S. Coast Guard, Sector Lower 

Mississippi River, 2020; U.S. Coast Guard, Sector Ohio Valley, 2021; U.S. Coast Guard, Sector 

Upper Mississippi River, 2017a, 2017b, 2017c). The low-water droughts of 2022 and 2023, 

along with recurrent high-water events, show that these interruptions are frequent, costly, and 

increasingly variable (Amorim et al., 2023). Shippers, terminal operators, and downstream 

buyers currently bear the financial consequences of low- and high-water navigation disruptions 

directly, including reduced cargo volumes, shipment delays, higher transportation costs, and 

higher prices for goods, because no standardized, rapidly settling instrument exists to transfer 

this inland-navigation interruption risk.  

In fall 2023, low water on the Mississippi forced grain shippers to load 500 to 700 fewer tons per 

barge, causing more trips and higher transportation costs to move the same amount of grain 

(USDA AMS, 2023). A parametric policy could tie its payout to expected shipping losses, with 

larger payments triggered as river levels fall and operating restrictions tighten. Because the 

payout would be based on observed river flow rather than documented losses, shippers could 

receive funds quickly to help cover the added cost of disrupted barge movements. 

In late 2024, the Mississippi River Cities and Towns Initiative (MRCTI) announced a parametric 

flood insurance pilot, highlighting benefits such as rapid payouts, less paperwork, and greater 

transparency (Dryfoos, 2024). In 2025, the program advanced as MRCTI and Munich Re 

finalized a mock-up policy using USGS river gauge data to set area flood-depth triggers for 
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payouts (Dunsavage, 2025). Cities including Baton Rouge, Grafton, and Gretna expressed 

interest in the implementation phase (Ten Across, 2025). The National Association of Insurance 

Commissioners (NAIC) also featured the project in its fall 2025 Affordability and Availability 

Playbook as a potential national model for weather resilience (NAIC, 2025). MRCTI and 

Munich Re are continuing to develop the program, with a mid-Mississippi pilot anticipated in 

2027 (Thornton, 2026). Swiss Re markets FLOW, a parametric insurance product that covers 

business losses associated with high or low water levels on European rivers, with payouts tied to 

specified river gauges (Swiss Re, 2024). Marsh has also discussed river-level parametric 

coverage for transport disruption, including a potential Mississippi River application (Marsh, 

2024). 

These products show the potential for transferring river-related losses, but pricing could also 

provide a signal for action before navigation is disrupted. Under a conventional stationary 

approach, the cost of insurance (premium) is based on the historical probability of a payout and 

reflects average risk rather than conditions expected during a particular coverage period. 

Forecast-based pricing instead updates the premium as the predicted probability of a payout 

changes. If the premium remains fixed, buyers may wait to purchase coverage until forecasts 

indicate a greater chance of a payout. Khalil et al. (2007) examined the predictability of an 

ENSO-based flood insurance index to identify when sales should close before the coming 

season’s risk became clear. 

Here we explore this forecast pricing approach for Mississippi River navigation. A higher 

forecast-based premium could signal a need to purchase coverage despite the higher cost, delay a 

shipment, arrange rail or truck transport, renegotiate shipment timing or transportation contracts, 

or store cargo until conditions improve. Storage, however, can add costs, and for grain 
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shipments, it may increase spoilage risk in warm and/or humid conditions (Sorour and Uchino, 

2004). Forecast-based insurance pricing provides an application for the streamflow forecasts and 

a potential signal of changing navigation risk. We also examine how basis risk (risk that the 

payout does not match the actual loss) changes with the time between the forecast and the month 

being predicted. 

Khalil et al. (2007) also provide the statistical foundation for this analysis, linking an 

ENSO-based index to flood-threshold exceedance probabilities for Peru and using those 

probabilities to price a parametric flood policy at an actuarially fair premium. They evaluated the 

stationarity and temporal clustering of the index exceedances used to determine payouts, as well 

as the basis risk introduced by using ENSO as a proxy. Employing this framework to inland 

navigation requires extending it to multiple river basins and navigation thresholds, incorporating 

probabilistic streamflow forecasts that estimate the probability of crossing each trigger, and 

evaluating the basis risk across different forecast leads. 

The forecast layer is where recent advances in machine learning are particularly useful. 

Pretrained time-series foundation models such as Chronos (Ansari et al., 2024) and Chronos-2 

(Ansari et al., 2025) can generate probabilistic forecasts directly from a target history and 

optional covariates without task specific retraining. This provides a convenient way to test 

whether physically motivated hydrologic, atmospheric, and oceanic predictors add information 

beyond the discharge history itself. For forecast-based pricing to help shippers, forecasts must be 

reliable and give them enough time to change their plans.  

Forecast lead and calendar season are treated separately by issuing a forecast from every monthly 

origin. The same calendar month can be evaluated at different leads, and the same lead can be 

5 



evaluated in every season. The primary operational horizon emphasized here is 1-4 months. 

Leads 1-12 are retained to show the full decay of skill. 

This study makes several contributions. We develop a leakage-controlled monthly rolling-origin 

pipeline for probabilistic discharge forecasting and quantify both the 1-4 month operational 

horizon that showed skill, and the complete 1-12 month skill decay as the main contribution. We 

compare land-surface, learned atmospheric, and ocean predictor pathways and use an 

independent staged regression plus a perfect-future land-surface diagnostic to identify the source 

of additional predictability. Finally, as a general motivation, we map the forecast distributions to 

low-water, high-water, and combined navigation risk, low-water return-period pricing, basis risk, 

and record-stationarity diagnostics. 

2  Data and Study Area 

2.1  Streamflow observations 

Three sub-basins were selected for this study: the Upper Mississippi at Grafton, Illinois (USGS 

05587450); the Missouri at Hermann, Missouri (USGS 06934500); and the Lower Mississippi 

outflow at Tarbert Landing (USACE 01100Q). Each has a long, continuous, and highly complete 

daily discharge record at the subbasin outlet. The USGS gauges provide more than 90 years of 

data with greater than 98 percent daily coverage, supplying the observational basis required for 

forecast development and validation. Also, the three gauges span distinct hydroclimatic regimes. 

The Upper Mississippi at Grafton is an upper-basin system that has a combination of snowmelt 

and rainfall. The Missouri at Hermann is a semi-arid plains river substantially influenced by 

upstream reservoir regulation. Tarbert Landing represents the combined-system outflow near the 
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Old River Control Structure. Together, these sites allow the forecasting and pricing framework to 

be evaluated across several flow behaviors rather than along a single river reach (Fig. 1). 

Daily discharge is aggregated to monthly means. The annual minimum monthly discharge for 

each basin is then kept for the return-period analysis. Primary pricing and stationarity analyses 

use the common 1979-2024 evaluation period. The complete gauge records are analyzed 

separately as long-record sensitivity tests. For the Upper Mississippi and Missouri, the candidate 

stage records are from the same USGS sites used for discharge at Grafton and Hermann (Table 

1). For the Lower Mississippi, the candidate stage record is from Red River Landing (gauge 

01120), the nearest suitable Lower Mississippi gauge below the Old River Control Structure 

(Table 1). No usable stage-discharge rating was obtained in the analysis, so the reported 

high-water thresholds and probabilities use discharge proxies rather than these stage records. 

An extension to additional subbasins on the Ohio, Tennessee, Arkansas, and Red rivers was also 

evaluated, but these basins were not included because suitable continuous subbasin outlet 

discharge records were unavailable. Candidate gauges we looked at had been discontinued, or 

operated primarily as water-quality stations, or had large gaps from shutting down for major 

navigation-system construction. The additional reaches are reserved for future work 

incorporating USACE stage-based flow records with rating curves (Rantz et al., 1982). 

 

Table 1. Study basins, forecast gauges, and hydroclimatic regimes. 

Basin (forecast gauge) Station ID Regime Stage source 

Upper Mississippi (Grafton, IL) USGS 
05587450 

Snowmelt + rainfall, 
pooled reach 

Same as flow 
gauge 

Missouri (Hermann, MO) USGS 
06934500 

Semi-arid plains, 
reservoir-regulated 

Same as flow 
gauge 
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Basin (forecast gauge) Station ID Regime Stage source 

Lower Mississippi (Tarbert 
Landing) 

USACE 
01100Q 

Combined-system 
outflow 

Red River 
Landing (01120) 

 

Figure 1. Study subbasins and outlet gauges: drainage-basins for the Mississippi River basin, 
with the three forecast gauges marked. 

2.2  Predictor variables and their spatial representation 

Predictors are grouped according to how their physical role is best represented spatially. Three 

predictor pathways are provided to the forecasting model. 

Monthly European Centre for Medium-Range Weather Forecasts fifth-generation atmospheric 

reanalysis (ERA5) land-surface variables include evaporation, precipitation, 2 m temperature, 

soil moisture, and snow. Each variable is reduced to an area weighted basin mean because 

basin-average conditions are most directly related to catchment discharge. Vertically integrated 
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moisture-budget terms, including moisture-flux divergence and its mean-flow components, are 

calculated following Seager and Henderson (2013) and reduced in the same way. Slowly varying 

ocean conditions are represented by sea-surface-temperature anomalies (SST) and 0-300 m total 

ocean-heat-content anomalies. Met Office Hadley Centre Sea Ice and Sea Surface Temperature 

dataset (HadISST) provides Niño-region SST indices, the Pacific Decadal Oscillation (PDO), the 

Atlantic Multidecadal Oscillation (AMO), and lagged Niño-3.4 indices. These ocean predictors 

are separate from the LAND land-surface covariates and reach the forecasting model through 

two alternative arms. The precursor arm uses global HadISST SST and Ocean ReAnalysis 

System 5 (ORAS5) 0-300 m ocean heat content anomalies as gridded fields. The ocean-direct 

arm instead reduces that same 0-300 m heat-content field to a few interpretable proxies, each 

computed as an area weighted box mean of the heat-content anomaly: an equatorial-Pacific 

warm-water-volume proxy (5°S to 5°N, 120°E to 80°W); a zonal-tilt proxy taken as a western 

box (5°S to 5°N, 120°E to 155°W) minus an eastern box (5°S to 5°N, 155°W to 80°W); and 

broad Indo-Pacific (20°S to 20°N, 40°E to 80°W) and Atlantic (0° to 60°N, 80°W to 0°) 

heat-content means. Each proxy enters at explicit monthly lags, giving the model the ocean state 

a fixed number of months before the target month. Upper-air circulation variables are retained as 

two-dimensional anomaly fields rather than reduced to basin averages. These variables include 

geopotential height, zonal and meridional winds, and mean sea-level pressure over 10-75 °N, 

180-40 °W. Their potential predictive value lies in the spatial pattern of atmospheric circulation, 

which would be lost through basin averaging. For example, meridional moisture flux could 

average to nearly zero across a region even when the spatial field shows an active transport 

pattern. A deep convolutional neural network converts these fields into a compact monthly 
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representation. This representation is then combined with the basin mean and ocean covariates to 

form the full predictor vector. 

2.3  Navigation thresholds from Waterways Action Plans 

Navigation-disruption thresholds are drawn from the Waterways Action Plan (WAP) annexes, 

which provide multiple location-specific stage thresholds. Because the forecast analysis is 

conducted in discharge, a WAP threshold is used directly only when it is available in discharge 

units at the forecast gauge. This applies to the Missouri at Hermann, where the annex provides a 

47,000 cfs low-water Action threshold (U.S. Coast Guard, Sector Upper Mississippi River, 

2017a). For the Upper Mississippi at Grafton and the Lower Mississippi at Tarbert Landing, the 

WAP low-water stage thresholds were not converted to discharge in the present analysis, so 

historical 10th-percentile discharge values are used as explicitly identified proxies. High-water 

WAP stage thresholds were likewise not converted to discharge, so historical 90th-percentile 

discharge proxies are used for all three basins. Accordingly, the high-water and combined 

low-or-high results, as well as the proxy-based low-water results for Grafton and Tarbert 

Landing, are interpreted as navigation-risk diagnostics rather than fully operational WAP-based 

contracts. 

3  Methods 

3.1  Feature construction and leakage control (Step 1-2) 

The monthly predictor dataset is constructed to prevent future information from entering the 

forecasting process. ERA5 surface fields and the moisture-budget terms are area-averaged to 

per-basin monthly series; discharge targets for the three gauges are read into a single monthly 

frame; ocean predictors are computed from HadISST and ORAS5; and the WAP threshold was 
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recorded. All predictors except the gridded upper-air and ocean fields are combined into a single 

covariate dataset. The upper-air fields retain their two-dimensional spatial structure and are 

passed separately to the convolutional encoder. Calendar-month climatologies, the upper-air 

encoder, the ocean-to-atmosphere encoder, and the North Pacific empirical orthogonal function 

(EOF) used to make the PDO index are estimated from the initial 1959-1978 pre-evaluation 

period and then frozen. Code step 1-2 defines the initial training and evaluation boundaries. Code 

step 3 then advances the forecast origin one month at a time from December 1978 through 

November 2024, using only data available through each origin. Forecasts extend up to 12 

months, subject to the evaluation period’s end. Lead-to-lead skill comparisons use the common 

December 1979-December 2024 verification window, so all 12 leads are evaluated against the 

same target months. 

3.2  Probabilistic streamflow forecasting with a foundation model and ridge regression 

check (Step 3) 

Chronos-2 forecasts monthly discharge directly from the pretrained model with no task-specific 

training. For each monthly rolling origin, the model receives discharge history and selected 

covariates only through the origin month. Observed covariates from the forecast period are not 

supplied to the operational forecast. Each origin produces up to a 12-month horizon. Forecast 

distributions are generated on quantiles 0.01-0.99 so that both low- and high-flow tails are 

resolved. Chronos-2 forecasts discharge in its original units. Forecast skill is compared using the 

same start dates and target months for every model. LAND uses basin land-surface and 

moisture-budget variables. ATM adds upper-air atmospheric information, OCEAN adds 

ocean-atmosphere precursor signals and their lags, and HCP adds ocean heat-content indices. 

FULL combines the predictor blocks. Base Chronos-2 uses discharge history alone. Climatology 
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is computed from historical training data only. Forecasts are verified using the Continuous 

Ranked Probability Score (CRPS), which measures agreement between the forecast probability 

distribution and observed discharge. CRPS is approximated as twice the mean quantile loss 

across the 0.01-0.99 forecast quantiles. CRPS skill is then calculated relative to historical 

climatology, with positive values indicating improvement over climatology. For comparing 

configurations, performance is averaged across the 1-12 month verification window, while each 

forecast lead is also scored separately. Calendar-month skill is calculated independently at leads 

1-4. 

10-90% interval coverage and the frequency of low- and high-flow forecasts are evaluated for 

leads 1-4. CRPS is calculated separately for recorded low-water and high-water tails over those 

leads. A perfect-future LAND diagnostic supplies the observed future LAND covariates for each 

forecast horizon while still withholding future discharge. This is a potential-skill benchmark, not 

an operational forecast. It is carried through diagnostic risk, pricing, and basis-risk calculations 

to quantify how much improvement could result from forecasting the future land state. 

As an independent check of whether the additional predictor groups contain information beyond 

LAND, we use a staged ridge-regression diagnostic. Within each out-of-sample annual-origin 

fold, a ridge regression is first fit to standardized log-transformed discharge using the LAND 

predictors. A second ridge regression is then fit to the residuals from the LAND model using one 

additional predictor block at a time. Predictors are standardized within the training data, and the 

ridge penalty is selected by cross-validation. Incremental out-of-sample R2 measures whether 

adding each block improves prediction relative to LAND alone; negative values indicate no 

additional predictive information. 
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3.3  From forecast to disruption probability (Step 4) 

Navigation risk is computed directly from each predictive distribution. Low- and high-water 

probabilities are the forecast probabilities of discharge falling below or exceeding the respective 

basin thresholds. The combined probability is the sum of these two non-overlapping risks, 

limited to a maximum of one. These probabilities are evaluated over the same verification period 

at 1- to 4- month lead times and compared with observed low-water, high-water, and two-sided 

event rates. The main multi-lead analysis uses the forecast probabilities directly so that all lead 

times are evaluated consistently. 

3.4  Parametric-insurance design and pricing (Step 5) 

Low-water insurance triggers are set at 10-, 20-, and 50-year return levels using annual minimum 

monthly discharge from 1979-2024. Observed thresholds are used when the record is long 

enough to support them. Because the 50-year level lies beyond the 45-46 year primary records, 

the 50-year trigger is treated as a sensitivity case. A Gumbel estimate is used when it yields a 

positive threshold; where the fitted Gumbel estimate is negative, as for the Missouri, the 2nd 

percentile of annual minimum discharge is used instead and flagged as a fallback. For each lead 

from 1-4 months, the actuarially fair premium per $1 maximum payout is the expected payout 

based only on the forecast risk, without administrative costs or profit. For the binary low-water 

return-period policies used here, this equals the forecast probability that discharge breaches the 

low-water trigger. The same fair-premium interpretation is applied to the low-water, high-water, 

and combined navigation-threshold products, with high-water and combined values treated as 

diagnostic because the high-water thresholds are proxy-based. The perfect-future LAND version 

is calculated only as a diagnostic comparison.  
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Robustness of the low-water pricing results is assessed with a five-year payout-count (0 to 5) 

bootstrap. Annual breach indicators are resampled 2,000 times using two methods: independent 

resampling of individual years and resampling of contiguous three-year blocks, and the ratio of 

block-bootstrap to independent-year payout-count variance is used to assess temporal clustering. 

A buyer-focused sensitivity combines the 10-, 20-, and 50-year policies to approximate an 

assumed loss pattern in which losses increase as river flow falls. For this sensitivity analysis, the 

assumed loss is zero at or above the 10-year low-flow threshold, increases linearly to 1 at the 

20-year threshold, and continues increasing to a maximum of 2 at more severe low flows. This is 

the loss function used in the policy-combination calculation rather than being estimated from 

observed financial losses. Basis risk is evaluated across leads 1-4 for low-water, high-water, and 

combined low-or-high navigation risk. For each navigation risk type, a single 

forecast-probability threshold for triggering a payout is selected to balance missed disruptions 

and unnecessary payouts. The threshold minimizes the average of these two error rates across all 

three basins and leads 1-4. The same threshold is then applied to the perfect-future LAND 

diagnostic. Mann-Kendall and Pettitt tests are applied to the 1979-2024 annual-minimum series 

used for low-water pricing, with complete gauge records retained as a sensitivity analysis. 

 

4  Results 

4.1  Forecast skill, lead dependence, and covariate comparison 

LAND (Fig. 2a) provides the strongest operational forecast performance and retains useful skill 

through 1-4 months (Fig. 2b). Mean CRPS skill versus climatology is 0.301 at lead 1, 0.153 at 

lead 2, 0.101 at lead 3, and 0.078 at lead 4 (Fig. 2b). Skill remains slightly positive through lead 
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11. Thus, 1-4 months is emphasized as the principal operational horizon, while the full 

1-12-month curve shows that longer-lead skill gradually drops (Fig. 2b). 

LAND performs best overall, with land-surface information providing most of the forecast skill. 

Across leads 1-12, LAND has the highest mean CRPS skill (0.069), and adding other predictor 

types does not improve performance (Table 2; Figure 2a). At leads 1-4, skill remains positive on 

average across basins in every month, but declines with lead time (Fig. 2c). Interestingly, the 

skill peaks in August for leads 1 and 2 months, February for lead 3, and November for lead 4, so 

the timing of maximum predictability is lead dependent. The independent staged ridge regression 

supports the Chronos-2 comparison. LAND alone explains about 38% of out-of-sample variance 

in standardized log discharge, while every additional predictor block reduces out-of-sample 

performance: incremental is −0.011 for dCNN, −0.020 for the ocean block, −0.059 for HCP, 𝑅2 

and −0.032 for the teleconnection indices (Fig. 2d). 

Table 2. CRPS skill versus climatology (>0 beats climatology) by basin and forecast 
configuration, calculated using all forecasts from leads 1-12 over the common verification 
period. LAND uses basin land-surface and moisture-budget variables; LAND + ATM (dCNN) 
adds a deep convolutional neural network representation of upper-air circulation; LAND + 
OCEAN adds the learned ocean-to-atmosphere precursor representation; LAND + HCP adds 
direct 0-300 m ocean heat-content precursor indices; FULL combines these predictor blocks; and 
Base Chronos-2 uses discharge history alone. LAND is the selected operational configuration. 

 

Configuration Upper Miss. Missouri Lower Miss. Mean 

LAND 0.068 0.099 0.039 0.069 

LAND + ATM (dCNN) 0.056 0.097 0.027 0.060 

LAND + OCEAN 0.064 0.107 0.030 0.067 

LAND + HCP 0.065 0.093 0.035 0.064 

FULL 0.062 0.092 0.027 0.061 

Base Chronos-2 0.054 0.084 0.028 0.055 
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Figure 2. Forecast performance and covariate attribution. (a) CRPS skill versus climatology for 
the six forecast configurations, calculated using all forecasts from leads 1-12 over the common 
verification period. (b) Mean LAND skill by forecast lead compared with the perfect-future 
LAND diagnostic; the shaded region marks the 1-4 month core horizon. (c) Mean LAND skill by 
calendar month at fixed leads 1-4. (d) Incremental out-of-sample R2 from adding each predictor 
block after LAND in the independent staged ridge diagnostic. dCNN denotes the deep 
convolutional neural-network representation of upper-air circulation; ocean is the learned 
ocean-to-atmosphere representation based on sea-surface temperature and 0-300 m ocean heat 
content; HCP comprises direct 0-300 m ocean heat-content precursor indices; and tele comprises 
scalar teleconnection indices, including Niño-3.4, AMO, IOD, PDO, and lagged Niño-3.4 
measures. 

4.2  Predictive distributions and the perfect-future LAND gap 

The perfect-future LAND diagnostic shows considerable predictability that is not available to the 

operational forecast. Mean CRPS skill is 0.441, 0.377, 0.355, and 0.344 at leads 1-4, compared 

with 0.301, 0.153, 0.101, and 0.078 for operational LAND (Fig. 4b, dashed). The gap widens 

rapidly with lead and remains large through the end of the forecast horizon: at lead 9, operational 

mean skill is 0.020 while perfect-future LAND is 0.325; at lead 12 the values are -0.004 and 

0.293. The basin-level comparison shows the same result. At lead 4, perfect-future skill is 0.492 
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for the Upper Mississippi, 0.334 for the Missouri, and 0.207 for the Lower Mississippi, 

compared with operational values of 0.069, 0.129, and 0.035 (Figure S2). Figure 3 shows that the 

perfect-future median retains much more of the observed anomaly structure at four months. The 

10–90% forecast interval contains the observed streamflow close to the expected 80% of the time 

in the Upper Mississippi and Missouri, but less often in the Lower Mississippi, particularly 

beyond the one-month lead. Perfect-future LAND improves CRPS but does not consistently 

improve coverage (Figure S1). 

 

Figure 3. Operational LAND and perfect-future LAND discharge forecasts at 1- (left) and 4- 
(right) month leads. For each basin, the operational LAND median (solid color) and 10-90% 
predictive interval (shaded) are shown with the observed discharge anomaly (solid black), and 
the dashed line shows the perfect-future LAND median. Anomalies are relative to the historical 
mean for each rolling-origin forecast. 
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4.3  Low-water return-period pricing across 1-4 months 

The perfect-future premiums are not intended as an operational pricing approach. They show 

how much forecast-based pricing could change if future land conditions were predicted more 

accurately, providing a motivation for improving the seasonal hydrologic forecast. Low-water 

pricing is evaluated across 1-4 months. The 10- and 20-year triggers are supported by the 

historical record in all three basins, so Figure 4 focuses on those products. In every case, 

perfect-future LAND gives a higher fair premium than operational LAND. The difference is 

0.0063-0.0140 per $1 of maximum payout for the 10-year product and 0.0051-0.0107 for the 

20-year product. Although the amounts seem small, for a million dollar payment this translates to 

a $6,300 to $14,000 for the 10-year and $5,100 to $10,700 for the 20-year difference in premium.  

The largest difference occurs for the Upper Mississippi 10-year product at lead 2, where the fair 

premium increases from 0.0258 to 0.0398. For the Lower Mississippi 10-year product, the 

difference increases from 0.0063 at lead 1 to 0.0113 at lead 4, consistent with the widening 

forecast-information gap with time. Table S1 provides all lead-specific values for the supported 

products. The 50-year trigger lies outside the 45-46 year empirical support and is retained as a 

sensitivity case in the return-period analysis rather than emphasized in the pricing comparison. 

The block bootstrap shows modest and inconsistent temporal clustering for the data supported 

10- and 20-year policies. For the 10- and 20-year triggers, respectively, clustering ratios are 

1.129 and 1.240 for the Lower Mississippi, 1.269 and 0.899 for the Missouri, and 1.277 and 

0.940 for the Upper Mississippi. Ratios above one indicate greater variability in the number of 

payouts occurring over a five-year period when three-year blocks are preserved than when years 

are resampled independently. Ratios below one indicate no increase in payout variability from 

preserving that persistence. The 50-year case is too sparse for a stable clustering assessment: no 
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observed breach occurs in the Lower or Upper Mississippi primary record, and only one occurs 

in the Missouri record. Using the illustrative loss function defined in Methods, the fitted policy 

weights on the 10-, 20-, and 50-year policies were 0.559/1.186/0.000 for the Lower Mississippi, 

0.624/0.625/0.751 for the Missouri, and 0.472/0.866/0.000 for the Upper Mississippi. Because 

this loss function is illustrative and the 50-year trigger is retained only as a sensitivity case, these 

weights illustrate how the policies can be combined rather than prescribe a contract design. 

 

Figure 4. Effect of future LAND information on low-water fair premiums across leads 1-4. 
Change in fair premium per $1 maximum payout between forecast and perfect-future for the 10- 
and (left) and 20-year (right) low-water products. Numerical values are given in Table S1. 

 

4.4  Low-water, high-water, and combined navigation risk 

Predictive skill in both navigation-relevant tails degrades with lead, while perfect-future LAND 

substantially reduces CRPS for both low- and high-water months across leads 1-4 (Figure 5). 

The forecast distributions also yield low-water, high-water, and combined low-or-high event 

probabilities, with detailed basin- and lead-specific values given in Table S2. The basin-specific 

navigation thresholds and observed event rates are summarized in Table 3. Across forecast leads 

1-4 and December 1979-December 2024 verification period, measured low/high/two-sided event 
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rates are 0.057/0.181/0.238 for the Lower Mississippi, 0.179/0.201/0.381 for the Missouri, and 

0.030/0.212/0.242 for the Upper Mississippi. Operational mean probabilities remain 

comparatively stable across the four leads. At lead 1 they are 0.038/0.165/0.202 for the Lower 

Mississippi, 0.180/0.186/0.366 for the Missouri, and 0.029/0.175/0.204 for the Upper 

Mississippi; by lead 4 they are 0.043/0.171/0.215, 0.173/0.185/0.357, and 0.035/0.175/0.210, 

respectively. The perfect-future probabilities are generally closer to the observed low-water rate 

in the Lower Mississippi and retain similar high-water frequencies across leads 1-4. However, 

agreement in mean event frequency does not show whether elevated probabilities occur in the 

months when navigation-threshold events actually occur. This timing is evaluated through the 

basis-risk analysis in Section 4.5.  

Table 3. Low-water and high-water navigation thresholds and detected event rates on the 
balanced verification window. Low-water is based on the WAP Action discharge threshold for 
the Missouri and pre-evaluation 10th-percentile discharge proxies for the Upper and Lower 
Mississippi. High-water thresholds are pre-evaluation 90th-percentile discharge proxies in all 
three basins because a usable stage-discharge rating was not obtained. Event-rate entries are 
low/high/low-or-high. 

Basin 
Low 
trigger 
(cfs) 

Low 
definition 

High 
trigger 
(cfs) 

High definition 
Observed 
low/high/two
-sided 

Lower Mississippi 201,096 pre-eval p10 
proxy 804,435 pre-eval p90 

proxy 
0.057 / 0.181 / 
0.238 

Missouri 47,000 WAP Action 
cfs 134,142 pre-eval p90 

proxy 
0.179 / 0.201 / 
0.381 

Upper Mississippi 37,320 pre-eval p10 
proxy 199,279 pre-eval p90 

proxy 
0.030 / 0.212 / 
0.242 
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Figure 5. Low-water and high-water tails CRPS across leads 1-4 for operational LAND and 
perfect-future LAND. Lower CRPS indicates better probabilistic forecasts. Perfect-future LAND 
substantially reduces forecast error in both tails, with the gap between them increasing with lead. 

4.5  Basis risk across the operational horizon 
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To convert forecast probabilities into payout decisions, a single forecast-probability cutoff (τ) is 

used for each risk type across all three basins and leads 1-4. For each risk type, τ is selected by 

testing values from 0.05 to 0.80 in increments of 0.05 and choosing the value that minimizes the 

mean basis-risk score across the three basins and leads 1-4. The selected cutoffs are τ=0.05 for 

low water, τ=0.15 for high water, and τ=0.30 for combined low- or high-risk. A payout is 

triggered when the forecast probability exceeds the relevant cutoff. Basis risk is measured as the 

average of the missed-disruption rate, when an event occurs but no payout is triggered, and the 

unnecessary-payout rate, when a payout is triggered but no event occurs. Averaged across the 

three basins and leads 1-4, the operational LAND basis-risk scores are 0.206 for low water, 0.232 

for high water, and 0.304 for combined low-or-high risk. Applying the same probability cutoffs 

to perfect-future LAND reduces these scores to 0.142, 0.155, and 0.228, respectively (Table 4; 

Fig. 6). 

Basis risk also increases with forecast lead: the mean operational score rises from about 0.136 at 

lead 1 to 0.255 at lead 4, compared with 0.104 to 0.170 for perfect-future LAND. This indicates 

that uncertainty in future land conditions contributes to payout errors as forecast lead increases. 

Basin-, lead-, and risk-specific values are given in Table S3.  

Table 4. Reference decision thresholds and mean basis-risk scores across the three basins and 
leads 1-4. The basis-risk score is the equal-weight mean of the uncompensated-disruption rate  
and unnecessary-payout rate. Perfect-future LAND uses the same operating thresholds as 
operational LAND. 
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Tail Reference tau Operational mean 
score 

Perfect-future 
mean score Reduction Scope 

Low water 0.05 0.206 0.142 0.064 3 basins, 
leads 1-4 

High water 0.15 0.232 0.155 0.077 3 basins, 
leads 1-4 

Low or high 0.30 0.304 0.228 0.076 3 basins, 
leads 1-4 

 

Figure 6. Mean basis-risk score across basins at leads 1-4 for low-water, high-water, and 
combined low-or-high risk. The score is the equal-weight mean of the missed-disruption rate and 
unnecessary-payout rate at the risk-specific probability cutoffs shown in Table 4. Solid lines 
show operational LAND and dashed lines show the perfect-future LAND diagnostic. High-water 
and combined results are subject to the empirical high-flow proxy limitation. 

 
4.6  Nonstationarity of the discharge record 
The annual-minimum series used for low-water return-period pricing is stationary over the 

common 1979-2024 period under the tests used here. Mann-Kendall p values are 0.806 for the 

Lower Mississippi, 0.712 for the Missouri, and 0.992 for the Upper Mississippi; Pettitt p values 

are 0.977, 0.461, and 1.000, respectively (Figure S3). The much longer records do not support a 

single stationary distribution: all three show significant increasing trends and change points, with 

Pettitt change years of 1968 for the Lower Mississippi, 1967 for the Missouri, and 1979 for the 

Upper Mississippi. Accordingly, primary low-water pricing uses the common 1979-2024 period 
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and the full records are kept only as sensitivity analyses. These stationarity tests apply to annual 

minima and do not establish stationarity of the proxy high-water tail. 

 

5  Discussion 

The main result is that LAND forecasts are most useful at 1-4 month leads. Skill is strongest at 

one month and remains useful through four months in all three basins, but becomes small at 

longer leads. Although mean CRPS skill stays slightly positive through month 11, longer 

forecasts are much less useful. Adding atmospheric and ocean predictors does not restore the lost 

skill at longer leads. 

The perfect-future LAND experiment gives a clear target for improvement.. Its skill declines 

only gradually, from 0.441 at lead 1 to 0.344 at lead 4 and 0.293 at lead 12, while operational 

skill falls much more rapidly. Because this experiment supplies the future land state rather than 

future discharge, the gap points to the need to project future hydroclimate rather than to add more 

encoders. The navigation-risk and insurance results show the practical importance of that gap. 

Mean low- and high-water event probabilities are relatively stable across leads, but basis risk 

increases because identifying the correct months becomes harder. Perfect-future LAND lowers 

basis risk for all three tail definitions, showing that better future land-state information would 

improve the timing of payouts as well as the probabilistic forecast score. It also raises the fair 

premium for every empirically supported 10- and 20-year low-water product across the three 

basins and leads 1-4. Those premium differences range from 0.0051 to 0.0140 per $1 maximum 

payout, so the future-land-state gap is large enough to affect contract price. The 10- and 20-year 

products are the most defensible pricing application because their triggers are supported by the 
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primary annual-minimum record and its stationarity tests. The 50-year low-water values are 

extrapolative and are treated only as sensitivity results. High-water and combined results are 

useful demonstrations of the two-sided framework, but all high-water thresholds are empirical 

discharge proxies in this analysis and therefore should not be presented as stage-based 

operational contracts. 

A natural next step is to forecast those future land states. The North American Multi-Model 

Ensemble (NMME) standard hindcast archive provides monthly precipitation, 2-m temperature, 

and sea surface temperature (Kirtman et al., 2014; Becker et al., 2022; NOAA CPC, 2026a). The 

current NMMEv3 operational system adds maximum and minimum 2-m temperature and 

200-hPa geopotential height to those core fields (NOAA CPC, 2026b). The 2014 Phase II data 

plan included monthly soil moisture and runoff, along with daily research fields such as snow 

water equivalent (NOAA CPC, 2014). Those land-state variables are not part of the current 

NMMEv3 operational set. An extension could combine the available NMME meteorological 

forecasts with the additional daily forcing, such as wind, needed to run a calibrated land-surface 

or hydrologic model and generate soil moisture, snow, runoff, and related basin states for 

Chronos-2. Mo and Lettenmaier (2014) demonstrated one version of this approach over the U.S. 

by bias-correcting and downscaling monthly NMME precipitation and temperature forecasts, 

constructing daily VIC forcing with sampled historical weather, and producing soil-moisture, 

snow-water-equivalent, and runoff forecasts out to three months. Yuan et al. (2015) expanded 

this globally, combining NMME forecasts with VIC and a river-routing model to generate 

six-month soil-moisture and streamflow hindcasts, with skill gains over ensemble streamflow 

prediction extending to several months and, for some drought forecasts, to six months. An 

operational system was developed by Arsenault et al. (2020) for Africa, where bias-corrected and 
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downscaled NASA GEOS (a member of NMME) seasonal forecasts were used with 

satellite-informed initial conditions in NASA’s Land Information System with 1 to 5 month 

hindcasts capturing major historical drought events. Baker et al. (2019) translated CFSv2 and 

NMME precipitation and temperature forecasts to U.S. watersheds specifically for hydrologic 

and water-management applications. This extension would provide a direct test of how much of 

the perfect-future LAND gap can be closed. 

6  Conclusions 

We developed a framework that links monthly streamflow forecasts to navigation risk, low-water 

insurance pricing, and basis-risk evaluation for the Mississippi River system. The LAND 

forecast performs best at 1-4 month leads, with mean CRPS skill of 0.301, 0.153, 0.101, and 

0.078. Skill remains slightly above climatology through lead 11 but is small after month 4. The 

framework evaluates low-water, high-water, and combined risk using separate thresholds and 

basis-risk measures. The 10- and 20-year low-water products are supported by the 1979-2024 

record. Using perfect-future LAND conditions increases fair premiums by 0.0051-0.0140 per $1 

of maximum payout. The 50-year low-water trigger is treated as a sensitivity test, while 

high-water results remain proxy-based. 

The perfect-future LAND diagnostic identifies the main opportunity for improvement. Its mean 

CRPS skill remains 0.344 at four months and 0.293 at twelve months, and it reduces mean 

basis-risk scores across the 1-4 month horizon from 0.206 to 0.142 for low water, from 0.232 to 

0.155 for high water, and from 0.304 to 0.228 for combined risk. NMME forecast protocols 

extend through at least nine months and can provide initialized precipitation and temperature 

forcing, but NMME does not provide a complete and uniformly available replacement for the 

26 



LAND variables. The most direct future work is to downscale seasonal climate forecasts, drive a 

calibrated land-surface or hydrologic model to predict soil moisture, snow, runoff, and related 

basin states, and then test whether those forecast land conditions close the gap toward the 

perfect-future LAND benchmark. 

Forecast-based premiums could help shippers act before navigation is disrupted. For the same 

coverage, a higher premium would signal greater expected risk, which could lead shippers to 

delay a shipment or consider rail or truck transport. Forecast skill at 1–4 months could give them 

time to adjust their plans. Whether that signal changes decisions or reduces losses remains to be 

tested. 

Open Research 

The datasets in this study are publicly available. ERA5 monthly surface and pressure-level fields 

are distributed by the Copernicus Climate Data Store (Hersbach et al., 2020). Daily and monthly 

discharge and gage-height records are from the USGS National Water Information System 

(stations 05587450, 06934500) and USACE (Tarbert Landing 01100Q; Red River Landing 

01120). HadISST sea-surface temperature was used for the SST and teleconnection inputs, and 

ORAS5 0-300 m ocean heat content as a precursor to the SST. Waterways Action Plan 

navigation thresholds were transcribed from the published USACE annexes. The analysis and 

forecasting notebooks are archived on Zenodo at reserved DOI 10.5281/zenodo.23286424 to be 

finalized after review. 
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Supplemental Figures 

 
Figure S1. Empirical coverage of the 10-90% predictive interval at leads 1-4 for operational 
LAND and perfect-future LAND, shown by basin. The dotted line marks the nominal 0.80 
coverage. 

 
Figure S2. Basin-level CRPS skill versus climatology for operational LAND and perfect-future 
LAND across leads 1-4. The diagnostic gap is largest at longer leads and is especially 
pronounced for the Upper Mississippi. 
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Figure S3. Primary period annual minimum monthly discharge by basin with Mann-Kendall 
trend-test results. Pettitt tests also find no significant primary period change point. Full-record 
sensitivity tests are nonstationary in all three basins. 
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Supplemental Tables 
Table S1. Detailed fair premiums for the empirically supported 10- and 20-year low-water 
products by basin and forecast lead. LAND is the operational forecast; perfect-future LAND is 
diagnostic only. The 50-year trigger lies outside empirical support in the primary record and is 
kept only as a sensitivity case. 

Basin Lead Return 
period 

Trigger 
(cfs) 

LAND 
premium 

Perfect-fut
ure 
premium 

Difference 

Upper 
Mississippi 1 10-yr 35,675 0.0246 0.0367 +0.0121 

Upper 
Mississippi 1 20-yr 30,844 0.0146 0.0239 +0.0093 

Upper 
Mississippi 2 10-yr 35,675 0.0258 0.0398 +0.0140 

Upper 
Mississippi 2 20-yr 30,844 0.0158 0.0265 +0.0107 

Upper 
Mississippi 3 10-yr 35,675 0.0290 0.0408 +0.0118 

Upper 
Mississippi 3 20-yr 30,844 0.0185 0.0280 +0.0095 

Upper 
Mississippi 4 10-yr 35,675 0.0303 0.0414 +0.0111 

Upper 
Mississippi 4 20-yr 30,844 0.0196 0.0288 +0.0092 

Missouri 1 10-yr 27,840 0.0221 0.0295 +0.0074 

Missouri 1 20-yr 25,710 0.0163 0.0229 +0.0066 

Missouri 2 10-yr 27,840 0.0219 0.0316 +0.0097 

Missouri 2 20-yr 25,710 0.0166 0.0248 +0.0082 

Missouri 3 10-yr 27,840 0.0210 0.0318 +0.0108 

Missouri 3 20-yr 25,710 0.0159 0.0252 +0.0093 

Missouri 4 10-yr 27,840 0.0214 0.0317 +0.0103 

Missouri 4 20-yr 25,710 0.0163 0.0252 +0.0088 

Lower 
Mississippi 1 10-yr 156,752 0.0102 0.0165 +0.0063 
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Basin Lead Return 
period 

Trigger 
(cfs) 

LAND 
premium 

Perfect-fut
ure 
premium 

Difference 

Lower 
Mississippi 1 20-yr 148,944 0.0087 0.0138 +0.0051 

Lower 
Mississippi 2 10-yr 156,752 0.0103 0.0183 +0.0080 

Lower 
Mississippi 2 20-yr 148,944 0.0090 0.0154 +0.0065 

Lower 
Mississippi 3 10-yr 156,752 0.0111 0.0209 +0.0097 

Lower 
Mississippi 3 20-yr 148,944 0.0096 0.0176 +0.0080 

Lower 
Mississippi 4 10-yr 156,752 0.0120 0.0233 +0.0113 

Lower 
Mississippi 4 20-yr 148,944 0.0100 0.0196 +0.0096 

Table S2. Low-water, high-water, and combined low-or-high navigation probabilities by basin 
and lead. Observed rates are evaluated on the same balanced verification months at each lead. 
High-water probabilities use empirical proxies for high-flow discharge. 

Basin Lead Tail LAND 
probability 

Perfect-futur
e probability 

Observed 
rate 

Lower 
Mississippi 1 Low water 0.038 0.048 0.057 

Lower 
Mississippi 1 High water 0.165 0.160 0.181 

Lower 
Mississippi 1 Low or high 0.202 0.208 0.238 

Lower 
Mississippi 2 Low water 0.035 0.051 0.057 

Lower 
Mississippi 2 High water 0.162 0.158 0.181 

Lower 
Mississippi 2 Low or high 0.197 0.209 0.238 

Lower 
Mississippi 3 Low water 0.039 0.055 0.057 
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Basin Lead Tail LAND 
probability 

Perfect-futur
e probability 

Observed 
rate 

Lower 
Mississippi 3 High water 0.165 0.159 0.181 

Lower 
Mississippi 3 Low or high 0.204 0.215 0.238 

Lower 
Mississippi 4 Low water 0.043 0.060 0.057 

Lower 
Mississippi 4 High water 0.171 0.165 0.181 

Lower 
Mississippi 4 Low or high 0.215 0.225 0.238 

Missouri 1 Low water 0.180 0.181 0.179 

Missouri 1 High water 0.186 0.177 0.201 

Missouri 1 Low or high 0.366 0.359 0.381 

Missouri 2 Low water 0.176 0.184 0.179 

Missouri 2 High water 0.182 0.167 0.201 

Missouri 2 Low or high 0.357 0.351 0.381 

Missouri 3 Low water 0.172 0.180 0.179 

Missouri 3 High water 0.182 0.168 0.201 

Missouri 3 Low or high 0.355 0.349 0.381 

Missouri 4 Low water 0.173 0.175 0.179 

Missouri 4 High water 0.185 0.180 0.201 

Missouri 4 Low or high 0.357 0.355 0.381 

Upper 
Mississippi 1 Low water 0.029 0.042 0.030 

Upper 
Mississippi 1 High water 0.175 0.174 0.212 

Upper 
Mississippi 1 Low or high 0.204 0.216 0.242 

Upper 
Mississippi 2 Low water 0.030 0.045 0.030 
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Basin Lead Tail LAND 
probability 

Perfect-futur
e probability 

Observed 
rate 

Upper 
Mississippi 2 High water 0.170 0.165 0.212 

Upper 
Mississippi 2 Low or high 0.200 0.210 0.242 

Upper 
Mississippi 3 Low water 0.034 0.046 0.030 

Upper 
Mississippi 3 High water 0.173 0.168 0.212 

Upper 
Mississippi 3 Low or high 0.207 0.214 0.242 

Upper 
Mississippi 4 Low water 0.035 0.047 0.030 

Upper 
Mississippi 4 High water 0.175 0.172 0.212 

Upper 
Mississippi 4 Low or high 0.210 0.219 0.242 

Table S3. Detailed basis-risk scores by basin, lead, and navigation tail. The score is the 
equal-weight mean of the uncompensated-disruption rate and unnecessary-payout rate. The same 
tail-specific operating threshold is used for operational LAND and perfect-future LAND. 

Basin Lead Tail Tau LAND 
basis risk 

Perfect-fut
ure basis 
risk 

Reduction 

Lower 
Mississippi 1 Low water 0.05 0.094 0.074 +0.020 

Missouri 1 Low water 0.05 0.188 0.185 +0.003 

Upper 
Mississippi 1 Low water 0.05 0.127 0.054 +0.073 

Lower 
Mississippi 2 Low water 0.05 0.196 0.141 +0.055 

Missouri 2 Low water 0.05 0.232 0.210 +0.022 

Upper 
Mississippi 2 Low water 0.05 0.168 0.067 +0.101 
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Basin Lead Tail Tau LAND 
basis risk 

Perfect-fut
ure basis 
risk 

Reduction 

Lower 
Mississippi 3 Low water 0.05 0.224 0.170 +0.054 

Missouri 3 Low water 0.05 0.256 0.221 +0.035 

Upper 
Mississippi 3 Low water 0.05 0.222 0.073 +0.149 

Lower 
Mississippi 4 Low water 0.05 0.200 0.163 +0.037 

Missouri 4 Low water 0.05 0.298 0.246 +0.052 

Upper 
Mississippi 4 Low water 0.05 0.267 0.101 +0.166 

Lower 
Mississippi 1 High water 0.15 0.199 0.169 +0.030 

Missouri 1 High water 0.15 0.196 0.164 +0.032 

Upper 
Mississippi 1 High water 0.15 0.164 0.091 +0.073 

Lower 
Mississippi 2 High water 0.15 0.233 0.204 +0.029 

Missouri 2 High water 0.15 0.234 0.167 +0.067 

Upper 
Mississippi 2 High water 0.15 0.218 0.086 +0.132 

Lower 
Mississippi 3 High water 0.15 0.274 0.214 +0.060 

Missouri 3 High water 0.15 0.245 0.175 +0.070 

Upper 
Mississippi 3 High water 0.15 0.226 0.101 +0.125 

Lower 
Mississippi 4 High water 0.15 0.288 0.197 +0.091 

Missouri 4 High water 0.15 0.274 0.196 +0.078 

Upper 
Mississippi 4 High water 0.15 0.236 0.092 +0.144 
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Basin Lead Tail Tau LAND 
basis risk 

Perfect-fut
ure basis 
risk 

Reduction 

Lower 
Mississippi 1 Low or 

high 0.30 0.277 0.240 +0.037 

Missouri 1 Low or 
high 0.30 0.271 0.252 +0.019 

Upper 
Mississippi 1 Low or 

high 0.30 0.187 0.138 +0.049 

Lower 
Mississippi 2 Low or 

high 0.30 0.345 0.267 +0.078 

Missouri 2 Low or 
high 0.30 0.334 0.277 +0.057 

Upper 
Mississippi 2 Low or 

high 0.30 0.285 0.142 +0.143 

Lower 
Mississippi 3 Low or 

high 0.30 0.315 0.282 +0.033 

Missouri 3 Low or 
high 0.30 0.337 0.278 +0.059 

Upper 
Mississippi 3 Low or 

high 0.30 0.307 0.152 +0.155 

Lower 
Mississippi 4 Low or 

high 0.30 0.339 0.301 +0.038 

Missouri 4 Low or 
high 0.30 0.353 0.266 +0.087 

Upper 
Mississippi 4 Low or 

high 0.30 0.299 0.135 +0.164 
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