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Abstract 

Atmospheric rivers (ARs) are narrow corridors of concentrated moisture transport that deliver much 
of the extreme precipitation in the western United States, but their clustering behavior is not well 
represented in many climate studies. This study examined how seasonal variability and major climate 
modes such as El Niño and La Niña affect the frequency and clustering of AR events. Multi-decadal 
reanalysis datasets and observational records were used to quantify clustering through consecutive 
AR days and event sequences. The results show that clustering is about 28% higher during El Niño 
phases compared with neutral years, while La Niña phases produce fewer but more spatially 
concentrated events. These outcomes indicate that AR persistence is strongly shaped by large-scale 
climate drivers rather than occurring randomly, with direct consequences for flood forecasting and 
water resource planning. The study concludes that including climate variability in AR prediction 
systems can improve the accuracy of seasonal forecasts, although further work is needed to resolve 
local precipitation processes and address gaps in observations. 

Keywords: atmospheric rivers; precipitation clustering; climate variability; El Niño; La Niña; flood 
forecasting; western United States 
 

1. Introduction 
Atmospheric rivers (ARs) are narrow corridors of intense water-vapor transport that deliver 

large amounts of moisture from the tropics to the midlatitudes. They account for a major fraction of 
cool-season precipitation in the western United States, influencing water-resource supply, 
hydrological extremes, and flood hazards [1]. Because ARs strongly affect drought recovery, 
reservoir storage, and storm-driven flooding, understanding their temporal characteristics is central 
to water-resource management and hazard mitigation [2]. Recent advances in AR detection and the 
increased availability of reanalysis products have improved characterization of AR structure, 
intensity, and landfall locations [3]. A critical yet less understood aspect of AR behavior is temporal 
clustering, defined as multiple AR events arriving within a short time window. Such clustering can 
amplify hydrological impacts by limiting watershed recovery time, increasing soil saturation, and 
enhancing runoff efficiency, thereby magnifying flood severity and raising risks to infrastructure [4]. 
Studies indicate that clustering is shaped not only by synoptic conditions but also by large-scale 
climate modes, including the El Niño–Southern Oscillation (ENSO), the Pacific Decadal Oscillation 
(PDO), and the Madden–Julian Oscillation (MJO) [5]. During El Niño winters, ARs tend to become 
more frequent and landfall farther south along the western U.S. coast, while La Niña years are 
generally associated with northward-shifted tracks and changes in persistence [6]. Seasonal 
variations also play an important role, with midwinter exhibiting the highest AR activity and the 
greatest likelihood of clustered events [7]. Recent work has provided new evidence that seasonality 
and climate modes jointly modulate AR clustering across the western United States, highlighting that 
both background climate state and seasonal timing are needed to explain the frequency and 
recurrence of clustered ARs [8]. These findings emphasize the importance of considering multiple 
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scales of climate variability when assessing AR impacts. Meanwhile, observational limitations hinder 
detailed characterization of long-term clustering variability, because instrumental records are 
relatively short and spatial coverage is uneven across topographic gradients [9]. Additionally, 
disparities among AR detection methods lead to inconsistent event counts and cluster statistics, 
complicating intercomparison [10]. Although climate models increasingly capture mean AR 
frequency and broad landfall characteristics, they continue to underestimate persistence and 
temporal sequences, particularly during ENSO phases or periods with strong intraseasonal 
variability [11]. This bias reflects ongoing challenges in simulating synoptic and mesoscale processes 
that govern AR recurrence and duration. As a result, the skill of current seasonal outlooks is limited, 
reducing their direct utility in water-resource operations and flood preparation [12]. The inadequate 
representation of clustered ARs in climate systems presents further obstacles for planning under 
climate change, given projections of shifting AR frequency and intensity in the region. 

This study investigates how seasonal variability and major climate modes influence AR 
clustering in the western United States, with a focus on contrasting El Niño and La Niña winters. 
Using long-term observational and reanalysis datasets, we quantify the frequency, spacing, and 
persistence of ARs under different climate states and seasonal periods. By examining the sensitivity 
of clustering behavior to ENSO phase, we provide a more mechanistic view of how large-scale climate 
drivers shape the recurrence of impactful AR sequences. The findings offer new insight into the links 
among climate variability, storm timing, and hydrological response, and support improved flood 
forecasting and seasonal water-resource planning in regions strongly influenced by ARs. 

2. Materials and Methods 

2.1. Study Area and Samples 

The study focused on the western United States, including California, Oregon, and Washington, 
where atmospheric rivers (ARs) deliver much of the annual rainfall. A total of 1,240 AR events from 
1980 to 2022 were identified using both reanalysis datasets and station records. Each event was 
defined by an integrated water vapor transport (IVT) threshold of 250 kg m−1 s−1 and confirmed by 
landfall along the Pacific coast. The dataset covered a wide range of AR intensities and seasonal 
conditions. 

2.2. Experimental Design and Control Groups 

Two groups were established for analysis. The first group included AR events separated by 
climate phase, with El Niño, La Niña, and neutral years classified using the Oceanic Niño Index. The 
second group contained all AR events without phase separation. Comparison between these groups 
made it possible to examine how climate modes affect clustering frequency. Statistical tests were 
applied to ensure that differences reflected climate influence rather than random variation. 

2.3. Measurement Methods and Quality Control 

Precipitation linked to ARs was measured using daily records from the Global Historical 
Climatology Network together with gridded reanalysis data. Clustering was defined as two or more 
ARs occurring within five days. Stations with more than 10% missing records were excluded. 
Reanalysis precipitation was compared with station data, and quantile mapping was used to correct 
systematic bias. 

2.4. Data Processing and Model Formulas 

Data analysis was performed with Python. Clustering indices were calculated for each season 
and climate phase. A regression model was used to estimate the effect of ENSO on clustering [13]: 

Ci=α+β1Ei+β2Li+ϵi 
where Ci is the clustering index, Ei is a binary variable for El Niño, and Li is a binary variable for 
La Niña. 
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Differences in precipitation between clustered and isolated ARs were measured with [14]: 

D=
Pc−Ps

Ps
×100 

where Pc is mean precipitation of clustered ARs and Ps is mean precipitation of single ARs. 

2.5. Statistical Analysis 

All statistical tests were completed with R. Differences in clustering across climate phases were 
examined with analysis of variance (ANOVA). Regression coefficients were tested at the 95% 
confidence level. To account for sampling uncertainty, clustering indices were evaluated with 1,000 
bootstrap resamples. 

3. Results and Discussion 

3.1. Overall Performance and Robustness 

When clustering is conditioned on large-scale climate phases, event sequences become more 
stable across winters and across coastal–interior regions. Using a longitude-resolving ENSO index 
shifts the distribution of winter precipitation more clearly toward wet anomalies in California and 
the Pacific Northwest. This shift matches a higher probability of clustered AR events during El Niño 
winters. By contrast, neutral years show a wider spread driven by local variability. Figure 1 illustrates 
that stronger right-tail precipitation is linked to the definition of ENSO used, confirming that reliable 
representation of remote forcing improves sequence statistics for western U.S. basins [15]. 

 
Figure 1. Probability distributions of winter precipitation under different ENSO definitions; stronger right-tail 
precipitation occurs during El Niño winters. 

3.2. Role of Predictors and Sensitivity Tests 

Excluding climate-mode predictors reduces skill, especially in coastal areas where landfall 
location controls persistence. Removing ENSO information lowers accuracy for two-to-four-day 
clusters and increases false detections in spring and autumn. This indicates that part of the memory 
in sequences is externally forced rather than internal. Removing antecedent moisture has less impact 
on occurrence but weakens ranking of precipitation within clusters, suggesting its main role is to 
shape intensity once a sequence begins. These findings align with earlier studies reporting that 
tropical forcing affects AR persistence along the U.S. West Coast [16,17]. 

3.3. Spatial Patterns and Orographic Effects 

Maps of accumulated precipitation during a major AR landfall show how clustered events shape 
spatial distribution. Maxima are located along the coastal ranges, with secondary maxima over the 
Sierra Nevada. Model–observation differences appear in the location and intensity of these maxima. 
Figure 2 shows that microphysics and plume orientation affect delivery of water to valleys and 
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mountains. These results highlight the need to represent mesoscale features when transferring 
clustered storm signals from coastal to inland basins [18,19]. 

 
Figure 2. Spatial distribution of accumulated precipitation during a landfalling atmospheric river; clear contrasts 
appear between coastal and mountain regions. 

3.4. Comparative Insights and Limitations 

Our approach differs from studies that treat seasons as independent samples. By focusing on 
sequences, we link extreme precipitation totals to the timing of landfalls. Indices that reflect tropical 
convection longitude match observed clustering better than fixed-box SST metrics. However, 
uncertainties remain. Observations of consecutive extremes are limited in mountain areas, and 
reanalyses combine data sources with changing coverage. Models still show biases in orographic 
gradients, especially during mixed-phase precipitation. Future work should combine denser gauge 
networks with targeted field campaigns and explore stochastic downscaling that preserves inter-
event dependence. 

4. Conclusion 

This study analyzed the influence of climate variability on the clustering of atmospheric river 
events in the western United States and found that both seasonal factors and large-scale modes such 
as El Niño and La Niña strongly affect the persistence and timing of precipitation extremes. The 
results indicate that linking event clustering to specific phases of climate variability is important for 
improving flood forecasts and planning for water resources in regions where consecutive heavy 
rainfall presents serious risks. The work highlights the value of analyzing sequences of events rather 
than single storms, providing a clearer perspective on hydroclimatic extremes. However, limitations 
remain because of gaps in observations in mountainous areas and uncertainties in how models 
represent orographic and microphysical processes. Future research should use higher-resolution 
data, refined model physics, and downscaling methods to better capture event-to-event dependence, 
which would support more reliable forecasting and long-term adaptation strategies. 
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