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Abstract 

Climate change influences on streamflow are globally variable and difficult to quantify 

due to the confounding effects of climate oscillations and water management 

activities. Within the Pacific Northwest, Oregon supports extensive irrigated 
agriculture, globally important aquatic ecosystems, and a high prevalence of snow-

dominated watersheds, making the region socioeconomically and ecohydrologically 
vulnerable to climate change. Using an information-theoretic framework, streamflow 

stationarity was assessed at 51 low-disturbance reference stations across Oregon. 

After accounting for Pacific Decadal Oscillation (PDO) and El Niño–Southern 
Oscillation variability, 24% of stations showed strong evidence of declining annual 

streamflow. Monthly trends were strongly seasonal, with June–September exhibiting 
strong evidence of declines at 22–51% of stations, consistent with earlier snowmelt. 

Power analysis indicated that these percentages may underestimate the actual extent 
of change. Subperiod analysis of 30 longer-record stations suggested trends were most 

prevalent before ~1980, aligning with documented global regime shifts. Consistent with 

this pattern, a step-change model with a breakpoint near 1980 was strongly preferred 
for precipitation–PDO relationships. PDO–precipitation correlations weakened 

substantially over time, declining from a median r = -0.32 (40% of stations significant) 
in early periods to r = -0.09 (2% significant) in recent decades, while precipitation–

streamflow correlations remained strong (r > 0.8). These results suggest that Oregon’s 

water resources are experiencing non-stationarity driven by both long-term hydrologic 
change and evolving teleconnections, challenging reliance on historical conditions to 

predict future water availability.  

Surface Water Information 
Modeling System (SWIMS) 
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Introduction 
Streamflow Stationarity 

Water resources plans have traditionally assumed that past conditions are 
representative of future conditions (Galloway 2011). Under a changing climate, the 

validity of this assumption for streamflow is contested (Milly et al. 2008, Bayazit 2015). 

While climate change impacts on temperature are broadly characterized, impacts on 
precipitation and therefore streamflow, which integrates complex and idiosyncratic 

watershed responses, are more complex and less understood (Hirsch 2011; USACE 
2015). Furthermore, streamflow responds to natural climate oscillations, mimicking 

trends over short records, as well as non-climate factors such as water management 

practices and watershed alterations (Hirsch 2011). Accordingly, streamflow 
stationarity results have varied widely by flow metric, method, degree of anthropogenic 

disturbance, and region (Rice et al. 2015, Ryberg et al. 2020, Yang et al. 2021, Wang 
and Yang 2024).  

However, the hydrology of snow-dominated watersheds shows clear vulnerability to 

climate change: earlier snowmelt and lower proportions of precipitation as snowfall 
can shift streamflow timing and even magnitude (Berghuijs et al. 2014, Han et al. 2024, 

Berghuijs et al. 2025). In much of western North America, stream hydrology is driven by 
snow dynamics (Li et al. 2017). Indeed, in this region, warming temperatures are 

reducing the proportion of precipitation falling as snow and driving earlier snowmelt 
(Mote et al. 2005, Barnett et al. 2008, Hamlet 2011, Fleishman 2025). In the Pacific 

Northwest, these changes may be altering seasonal distributions of streamflow 

(Stewart et al. 2005, Luce and Holden 2009, Gangopadhyay and McGuire 2021). This 
streamflow supports extensive irrigated agriculture and globally important aquatic 

ecosystems, making the region socioeconomically and ecohydrologically vulnerable to 
climate change (Fleishman 2025). 

Oregon Streamflow and Teleconnections 

Within the Pacific Northwest, the Oregon Water Resources Department (OWRD) has a 

mission to address Oregon’s water supply needs, which are directly impacted by 

changing streamflow. To better understand water supply, OWRD is currently 
completing an update to its statewide water availability model. As part of this effort, 

OWRD conducted a streamflow stationarity assessment using 51 relatively low-
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disturbance reference stations, representing one of the most spatially extensive 

evaluations of its kind for the state (Cameron 2025). The work assessed trends in the 
20th, 50th, and 80th percentiles at annual and monthly time scales using quantile 

regression with a 10-year moving window approach. Results generally indicated 
stationary mean annual streamflow at most stations. However, summer monthly flows 

showed significant declines at many stations. Qualitatively, clusters of significant 

stations were noted around the Cascades. The results were generally consistent with 
expected climate change impacts on snow-dominated systems. 

However, Cameron’s (2025) moving window approach introduced temporal 
autocorrelation and did not account for key climate oscillations, such as the Pacific 

Decadal Oscillation (PDO) and El Niño–Southern Oscillation (ENSO). These multi-year 
to multi-decade climate cycles influence regional precipitation and streamflow, 

superimposed upon any long-term monotonic trends (Cayan et al. 1999, Mantua and 

Hare 2002, Fleming and Weber 2012, Fleming and Dahkle 2014, Fleming and Sauchyn 
2013). A teleconnection is a statistical relationship between climate phenomena that 

are geographically distant from each other, such as between Pacific sea surface 
temperatures and Oregon precipitation. Failure to account for climate oscillations 

when detecting trends can thus produce misleading conclusions (Hirsch 2011, Woo et 

al. 2018, Georgiadis and Baker 2023). However, the PDO teleconnection itself may be 
nonstationary (Wu et al. 2019, Litzow et al. 2020, Cluett et al. 2025). Finally, record 

length and timing can substantially change results (Yue et al. 2002, Dixon et al. 2006, 
Hirsch 2011). Therefore, a panel of scientific experts reviewing the work suggested 

alternative analytical approaches to better isolate trends from oscillations, account for 

record timing, and address inherent weaknesses with hypothesis test approaches 
(Andrews 2026).  

Study Approach and Aims 

The Akaike Information Criterion (AIC) and its small-sample correction (AICc) provide 

an information-theoretic framework for model selection that balances goodness-of-fit 
with model parsimony (Akaike 1974, Burnham and Anderson 2002, Fleming and Dahlke 

2014). Rather than relying on binary hypothesis tests, AICc-based approaches provide 
probabilities that candidate models are the best approximating given the data, allowing 

comparison of the relative support for competing explanations. AICc accommodates 

nested model structures where the null (no trend), oscillation-only, and oscillation-
plus-trend models can be simultaneously evaluated. Evidence ratios derived from AICc 
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weights quantify the strength of collective support for trend versus non-trend models. 

This study reexamines streamflow trends at Oregon reference stations using AICc-
based model selection to address three primary questions: (1) What is the evidence for 

trends in streamflow mean and variance after accounting for PDO and ENSO 
variability? (2) How do record length, record timing, and streamflow characteristics 

influence trend detection? (3) Has the strength of PDO teleconnections to precipitation 

and streamflow changed over time? By explicitly separating cyclical climate variability 
from trends and evaluating the stability of climate–streamflow relationships, this work 

provides a refined assessment of streamflow stationarity to inform Oregon’s water 
resource planning. 

Methods 
Data 
Streamflow  

Mean daily streamflow data were acquired from OWRD, including provisional and 

published data, for 51 reference stations through water year (WY) 2025 (Fig. 1). These 
51 stations have active monitoring, ≥30 water years of data, an irrigation withdrawal 

ratio of ≤0.10, and a storage ratio ≤0.05 (Andrews and Huang 2024). Reference stations 
are assumed unaffected or negligibly impacted by groundwater withdrawals; however, 

13 stations have at least one groundwater right point of diversion somewhere in their 

basins (Ryan Andrews, pers. comm., 16 Dec 2025).  

Data gaps of up to seven consecutive days were linearly interpolated. Daily flows were 

aggregated to annual and monthly metrics, including mean flow and flow variance. 
Only months and years with complete daily coverage following interpolation were 

retained for analysis. 

Two analysis periods were considered. The “long-term” period represents the longest 

consecutive sequence of water years with complete flow data available at each station 

and varies among stations. The “base period” was defined uniformly as WY1991–2020. 
Long-term records ranged from 35 to 115 years (median: 84 years). After merging with 

climate indices, the most temporally limiting of which begin in 1950, usable long-term 
records ranged from 35 to 75 years (median: 73 years). 



 

April 2026  5 

 

Figure 1. Map of Oregon reference streamflow stations assessed for trends. 

Precipitation  

Monthly 4-km precipitation data were acquired from PRISM (2025) covering calendar 

years 1895-2025. Watershed geospatial data for the stations were acquired from 

Andrews and Stratton-Garvin (2025). Precipitation time series were developed for each 
watershed using the average of all PRISM grid cells intersecting the watershed. 

Climate Oscillations 

Indices representing the El Niño–Southern Oscillation (ENSO) and the Pacific Decadal 
Oscillation (PDO) were obtained from NOAA (2026a, b). The ENSO index was available 

from 1950 onward, and the PDO index from 1870 onward. ENSO values are provided as 
three-month seasons. PDO monthly values were aggregated into seasonal indices. 

To avoid station-specific tuning, a single seasonal definition for each climate index was 

applied uniformly to all stations. Optimal seasons were selected empirically by 
computing Pearson correlations between annual mean flow and season across all 

stations and selecting the season that maximized the median absolute correlation. 
This procedure was conducted separately for PDO and ENSO and resulted in the use of 

December-January-February (DJF) for PDO and November-December-January (NDJ) for 
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ENSO indices for all subsequent analyses. Correspondence between flow and winter 

PDO and ENSO indices is consistent with previous work (e.g., Fleming and Weber 2012, 
Fleming and Dahlke 2014). 

Streamflow Trends 
AICc Models 

Trends in streamflow were evaluated after accounting for climate oscillations using a 

model selection framework based on the corrected Akaike Information Criterion (AICc; 
Burnham and Anderson, 2002). Analyses were conducted separately for mean flow and 

flow variance, and independently for annual flows and monthly flows (e.g., all Januaries 
were evaluated separately from all Februaries), resulting in 13 model sets per station, 

variable, and time period. Flow data were log10-transformed prior to analysis to 

improve residual normality based on preliminary analysis. For each condition, six 
models were evaluated: 

• Model 1 (Null): Flow ~ β₀ + ε 

• Model 2 (Linear Oscillation): Flow ~ β₀ + β₁(PDO) + β₂(ENSO) + ε 

• Model 3 (Parabolic Oscillation): Flow ~ β₀ + β₁(PDO) + β₂(ENSO) + β₃(PDO²) + 
β₄(ENSO²) + ε 

• Model 4 (Linear Trend): Flow ~ β₀ + β₁(Year) + ε 

• Model 5 (Linear Oscillation + Trend): Flow ~ β₀ + β₁(PDO) + β₂(ENSO) + β₃(Year) + 
ε 

• Model 6 (Parabolic Oscillation + Trend): Flow ~ β₀ + β₁(PDO) + β₂(ENSO) + 
β₃(PDO²) + β₄(ENSO²) + β₅(Year) + ε  

where Flow is log10-transformed discharge, PDO is the DJF index, ENSO is the NDJ 
index, and year represents water year as a continuous variable. This six-model 

structure tests whether trends persist after accounting for variability explained by PDO 

and ENSO.  

Although ENSO cycles are shorter and less likely to mimic trends over multidecadal 

record lengths compared to the PDO, they were included after preliminary analysis 
showed they improved model fit. Parabolic models were included following previous 

work (Fleming and Dahlke 2014). Oscillation-year interaction terms were not included 

for parsimony, and preliminary analysis suggested that these models were not favored. 
If PDO or ENSO relationships with streamflow change over time, this would also 



 

April 2026  7 

manifest as a trend in this approach, but for water management purposes, this 

mechanism also represents departure from stationarity.  

Model fit was evaluated using AICc, which penalizes model complexity and is 

appropriate for moderate sample sizes. AICc values were converted to Akaike weights, 
representing the probability that a given model is the best approximation among the 

candidate set. To quantify evidence for trends independent of climate variability, an 

evidence ratio (ER) was calculated as: 

ER = [w(Trend) + w(Linear Oscillation + Trend) + w(Parabolic Oscillation + Trend)] / 

[w(Null) + w(Linear Oscillation) + w(Parabolic Oscillation)] 

where w denotes the Akaike weight. This ratio compares support for the trend models 

against non-trend explanations. For example, an ER of 3 indicates that the models 
including a trend is three times better supported by the data than all non-trend models 

combined. ER > 3 was interpreted as moderate evidence and ER > 10 as strong 

evidence for trends.  

Trend direction was determined by averaging time coefficients, weighted by each 

model’s Akaike weight, with non-trend models assigned a coefficient of 0. 

ER vs Record Length 

To evaluate whether evidence for streamflow trends was influenced by record length, 

Spearman correlations were computed between station-specific evidence ratios (ER) 
and the number of years with complete flow, PDO, and ENSO data. This analysis was 

conducted for the long-term period for annual mean flow and annual flow variance. 

This was further considered as part of power analysis, described below. 

Subperiod Analysis 

To further assess whether detected trends were influenced by the timing of 

observations or differences in record length, a fixed subset of stations with ≥70 years 
(i.e., covering most of WY1951–2025) of complete flow and climate data was selected 

(n = 30). For these stations, the AICc-based trend analysis was repeated for three non-
overlapping 24-year windows: WY1951–1974 (early), WY1975–1998 (middle), and 

WY1999–2022 (late). Results from these subperiods were compared to full-record 

results for the same stations. This analysis isolates the effect of record timing on 
inferred trends. 
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Power Analysis 

Detectability of streamflow trends was evaluated using Monte Carlo simulation for the 

30 stations with ≥70 years of data in WY1951–2025. For each station, 500 synthetic 

time series were generated across a range of record lengths (30–70 years) and trend 
magnitudes (-50% to 0% per decade).  

Synthetic data were constructed using station-specific characteristics extracted from 
Model 6 (residual standard deviation, lag-1 autocorrelation coefficient, PDO and ENSO 

response coefficients) combined with block-resampled observed PDO and ENSO 

values. To generate autocorrelated errors, the first error term was randomly drawn 
from the long-run variance of the AR1 process, then subsequent errors were generated 

recursively as a weighted combination of the previous error and new random noise. 
Model 6 was selected as the plurality best-performing model and to avoid overfitting. 

Sensitivity analyses testing alternative models (null, linear oscillation, and station-
specific best models) showed power estimates at observed trends were nearly 

identical across approaches (r ≥ 0.99; median difference ≤0.2 percentage points), 

confirming robustness to this modeling choice. 

Each synthetic series was analyzed using the six-model AICc framework. For simulated 

trend series, detectability was defined as the proportion of simulations yielding ER > 3 
in favor of trend models. False positive rates were calculated as proportion where ER > 

3 for no-trend simulations. Comparisons primarily focused on 70-year simulations to 

match the calibration dataset record length.  

For mean and variance, generalized additive models (GAMs) were fitted to predict 

power as a smooth function of trend magnitude, noise level, autocorrelation, record 
length, and time scale (annual or specific month) and their interactions using beta 

regression with a logit link. (Time scale, as in annual or month, was not included after 

preliminary analysis showed it did not substantially improve fit relative to the 
introduced complexity.) These GAMs enable power estimation for arbitrary 

combinations of station characteristics, including stations outside the calibration set.  

To test whether simulation-based power estimates accurately predict real-world 

detection, GAM-predicted power at each station was compared with actual detection 
outcomes (ER > 3 in observed data) using logistic regression for annual trends. 
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PDO Teleconnection 

To evaluate changes in PDO influence over time, three approaches were used: rolling 
correlations, formal model comparison, and breakpoint analyses. Analyses were 

restricted to the 30 stations with ≥70 years of data in WY1951–2025. Only annual (water 

year) values were assessed. 

Rolling Corrrelations 

Rolling 30-year Pearson correlations were computed between PDO and precipitation, 

PDO and log10 streamflow, and precipitation and log10 streamflow for each station. 
Paired Wilcoxon signed-rank tests were used to assess whether changes between early 

(windows ending before 1985) and late (windows ending after 2005) periods were 
systematic across stations. 

AICc Models 

To formally test whether PDO effects changed over time, station-level linear models 
were compared using AICc. For PDO effects on precipitation, seven models were 

evaluated: 

• Model 1 (Null): Precip ~ β₀ + ε  

• Model 2 (Linear, Constant): Precip ~ β₀ + β₁(PDO) + ε  

• Model 3 (Parabolic, Constant): Precipitation ~ β₀ + β₁(PDO) + β₂(PDO²) + ε  

• Model 4 (Linear, Time-varying): Precipitation ~ β₀ + β₁(PDO) + γ₁(PDO × Year) + ε  

• Model 5 (Linear, Step): Precipitation ~ β₀ + β₁(PDO) + δ₁(PDO × I[Year > 1980]) + ε  

• Model 6 (Parabolic, Time-varying): Precipitation ~ β₀ + β₁(PDO) + β₂(PDO²) + 
γ₁(PDO × Year) + γ₂(PDO² × year) + ε  

• Model 7 (Parabolic, Step): Precipitation ~ β₀ + β₁(PDO) + β₂(PDO²) + δ₁(PDO × 

I[Year > 1980]) + δ₂(PDO² × I[Year > 1980]) + ε 

where Precipitation represents the water year sum, PDO is the DJF index, and Year is 

water year as a continuous variable. Post-breakpoint is a binary indicator for years after 
1980. This year was selected a priori based on 1970s-1980s regime shifts (Reid et al. 

2016, Giamalaki et al. 2018). Models 3 and 4 allow the PDO effect to vary over time: 

gradually (linear) or abruptly (step). 

To quantify evidence for nonstationary PDO effects, an evidence ratio was calculated 

as: 
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ER = [w(Linear, Time-varying) + w(Linear, Step) + w(Parabolic, Step) + w(Parabolic, 

Time-varying)] / [w(Null) + w(Linear, Constant) + w(Parabolic, Constant)].  

This ratio compares support for time-varying models against stationary models. ER 

strength was interpreted as done for streamflow trend models. PDO effect change was 
assessed by comparing PDO coefficients at the start versus end of each station's 

record using the best-supported model selected via AICc; stations where the null 

model was best-supported were excluded from change analysis.  

Breakpoint Analysis 

Pettitt's breakpoint tests were conducted for mean annual flow, annual precipitation, 

and PDO-streamflow regression residuals. This nonparametric test detects abrupt 
shifts in the mean of a time series and identifies the most likely breakpoint year, 

including significance. An alpha of 0.05 was used. 

Results 
Streamflow Trends 

The parabolic trend model was the best-approximating at 43% of the 51 stations, 
followed by linear and parabolic non-trend models each at 16%, then the null model at 

14% (Fig. 2a). Trend coefficients were negative at 84% of stations.  

At least moderate evidence for trends was detected at a large minority of stations 

during the long-term record, while evidence favored the absence of trends during the 

recent base period (Fig. 3). For annual mean flow, 41% of stations exhibited moderate 
evidence for trends and 24% exhibited strong evidence, all declining. Patterns for flow 

variance were broadly similar but fewer stations showed evidence. 

Monthly trends were strongly seasonal (Fig. 3 and Fig. 4). Summer and early autumn 

months exhibited the highest prevalence of trends, with June, July, August and 
September showing strong evidence of trends at, respectively, 22%, 45%, 51%, and 

35% of stations. Across all months, downward trends predominated. Patterns for flow 

variance were broadly similar but fewer stations showed evidence. 

ER vs Record Length 

ER and record length significantly correlated for annual flow mean (ρ = 0.48, p < 0.001) 
and variance (ρ = 0.43, p < 0.001) at the 51 stations. For monthly flows, the correlation 
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between ER and record length was significant for 6 months for mean (ρ ≥ 0.33, p < 0.02) 

and 3 months for variance (ρ ≥ 0.28, p < 0.04). 

 

Figure 2. Best model for annual values for (a) flow (n=51) and (b) precipitation (n=30). 
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Figure 3. Percentage of 51 Oregon reference stations with moderate (ER>3) and strong 

(ER>10) evidence for or against trends in annual (A) or monthly flow after accounting for 
climate oscillations. Results for (a) long-term mean flows, (b) long-term mean variance, 

(c) base period mean flow, and (d) base period variance. The long-term period 
represents the longest available consecutive record (varies among stations), while the 

base period (bottom) represents WY1991–2020 (identical among stations). Trend 

direction from weighted average of models. 
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Figure 4. Maps of monthly mean trend results for 51 Oregon reference stations using 

each station’s longest available consecutive record. 
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Subperiod Analysis 

For the 30 stations with at least 70 years of complete data, splitting the record into 
thirds, all subperiods generally favored moderate evidence for no trends (Fig. 5). 

Detected trends are most prevalent during the early portion; for the WY1951–1974 early 

subperiod, 17% of stations exhibited at least moderate evidence of annual trends, 
whereas 0% showed trends for WY1975-1998 and 3% for WY1999-2022. However, as 

noted in the following section, power is low. 

Monthly results followed a similar pattern, with more evidence of trends in the early 

subperiod and few found in the middle and late subperiods. However, for the full (long-
term) record, a majority of stations exhibited at least moderate evidence for annual, 

July, August, and September trends, mostly downward. Few stations showed evidence 

of no trends. 

 

Figure 5. Percentage of stations with moderate (ER>3) and strong (ER>10) evidence for 

or against trends in annual (A) or monthly flow after accounting for climate oscillations 
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using data for (a) period of record, (b) WY 1951-1974, (c) WY1975-1998, and (d) 1999-

2022. Includes 30 Oregon references stations with ≥70 years of data in WY1951–2025. 
Trend direction from weighted average of models. 

Power Analysis 

For mean annual flows at long-record stations, median observed trends (IQR: -

3.4%/decade to 0.6%/decade) were typically above minimum detectable trends (IQR: -
6.7%/decade to -4.5%/decade) (Fig. 6a). Only 17% of stations achieved ≥80% power 

(Fig. 6b). Monthly detectability peaked in summer, with July and August showing, 

respectively, 33% and 40% of stations with ≥80% power, compared to ≤20% for most 
other months (Fig. 6b). 

For annual flow variance, median observed trends (IQR: -6.6%/decade to -
0.7%/decade) were typically above minimum detectable trends (IQR: -16.8%/decade 

to -10.9%/decade) (Fig. 6c). Only 7% of stations achieved ≥80% power (Fig. 6d).  

False positive rates were generally low (mean IQR: 2.8%–8.8%; variance IQR: 3.8%, 

IQR: 2.2%–5.5%) but ranged as high as 39.4%. False positive rates were strongly 

correlated with residual autocorrelation for mean (r = 0.93, p < 0.001) and variance (r = 
0.90, p < 0.001). 

GAMs explained 98% of variance in simulation-based power estimates (Fig. 7a and 7c). 
All predictors (trend magnitude, residual standard deviation, lag-1 autocorrelation, and 

record length) and their interactions significantly influenced power (all p < 0.001). 

Logistic regression suggested that estimated power predicted actual trend detection 
(Fig. 7b and 7d). For long-record calibration stations, each 10 percentage point 

increase in predicted power increased detection odds 4.1-fold for mean (β = 0.140, p < 
0.001; 74% deviance explained) and 8.7-fold for variance (β = 0.216, p < 0.001; 80% 

deviance explained). When extended to all station, the relationships weakened but 

remained strong, with each 10 percentage point increase in predicted power increasing 
detection odds 3.5-fold for mean flow (β = 0.124, p < 0.001; 72% deviance explained) 

and 4.2-fold for variance (β = 0.143, p < 0.001; 74% deviance explained), indicating 
generalizability beyond the long-record calibration set. Using a 0.5 probability cutoff, 

logistic models correctly predicted 97% of actual station–period trend results for mean 
and variance. 
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Figure 6. (a) Median minimum detectable trend versus median observed trend versus. 
(b) Percentage of stations with ≥80% power for annual (A) and monthly flows. (c–d) 

Same as (a–b) but for flow variance. Includes 30 Oregon references stations with ≥70 
years of data in WY1951–2025. 
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Figure 7. (a) GAM-predicted versus simulated (Monte Carlo) power. (b) Logistic models 
of trend detection (ER>3 for observed data) versus simulated power. (c–d) Same as (a–

b) but for flow variance. GAMs and long-record logistic models use 30 Oregon 
references stations with ≥70 years of data in WY1951–2025; all stations use 51 Oregon 

reference stations with ≥35 years of data in WY1951–2025. 

PDO Teleconnection 

The PDO–precipitation correlation weakened substantially over time. Averaging full 30-
year windows ending before WY1980 (the first third), the mean correlation was r = -

0.32, and 49% of individual station-window correlations were significant at α = 0.05 

(Fig. 8a). For windows ending after WY2013 (the last third), the mean correlation had 
weakened to r = -0.09, and only 2% of individual station-windows were significant. 

PDO–flow correlations showed similar collapse, declining from r = −0.36 (67% of 
stations significant) before 1995 to r = -0.16 (6% significant) after 2005 (Fig. 8b). Paired 
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Wilcoxon tests confirmed systematic weakening across stations for both PDO–

precipitation (p < 0.001) and PDO–flow (p < 0.001) correlations. 

Conversely, precipitation–flow correlations remained strong throughout the analysis 

period, with median values r ≥0.83 (Fig. 8c) and ≥97% individual station-windows 
significant at α = 0.05. Paired Wilcoxon tests did not detect a significant change in 

precipitation–flow correlations between early and late subperiods (p = 0.70). 

AICc model comparisons generally corroborated weakening of the PDO–precipitation 
relationship. The linear step-change model was the best approximating model for 

PDO–precipitation relationships at 80% of stations, followed by the null model at 10%, 
linear constant model at 7%, and parabolic step model at 3% of stations (Fig. 2b). 

Among best linear models, 92% of stations showed a weakening relationship w¬ith 
PDO (decreasing |β| over time). However, while 60% of stations showed moderate 

evidence of change, only 3% showed strong evidence. 

Of Pettit tests, 4 (13%) were significant for annual precipitation with a median 
breakpoint of 1945 (IQR: 1945-1954), 6 (20%) were significant for annual flow with a 

median breakpoint year of 1976 (IQR: 1976-1984), and 11 (37%) were significant for 
flow-PDO residuals with a median breakpoint year of 1986 (IQR: 1986-1987). 
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Figure 8. Correlations between climate oscillations, precipitation, and flow. Color 
intensity (circle fill) indicates percentage of stations with statistically significant 

correlations (p < 0.05). Purple vertical bars capture the middle 90% (interdecile range) 
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of station correlations. Includes 30 Oregon references stations with ≥70 years of data 

in WY1951–2025. 

Discussion 
Streamflow Trends 

After accounting for cyclical PDO and ENSO variability, evidence emerged for 

widespread trends in Oregon streamflow that were not explained by known climate 

oscillations (Fig. 3-5). A majority of stations showed at least moderate evidence of 
downward trends in July and August over their periods of record. A large minority of 

stations also showed at least moderate evidence of downward trends for annual flows 
and late spring and autumn months. Fewer trends were detected for variance, 

reflecting lower power (Fig. 5d), which is typical for variance (Yang et al. 2021). As in 

earlier work, stations with trends tended to visually cluster along the Cascades, 
although this region also has higher station density (Fig. 4) (Cameron 2025).  

Power analysis generally suggested a low ability to detect trends (Fig. 6-7). 
Detectability was influenced by trend magnitude, residual autocorrelation, residual 

variability, and record length. Interestingly, observed detection rates typically greatly 

exceeded estimated percentages of stations with estimated power ≥80%. Many 
stations exhibited intermediate power, which may be sufficient for detection in a 

substantial fraction of cases. The simulation parameterization may also be poorly 
representative of processes driving interannual streamflow variation. Trends were 

rarely detected at stations with estimated low power, most high-power stations had 
detected trends, simulated false positives were low, and moderate evidence for non-

trends was typically low across periods of record (Fig. 3a-b). This suggests that some 

“ambiguous” stations (lacking at least moderate evidence for either trends or 
stationarity) may be experiencing non-stationarity below detection thresholds.  

Downward summer trends are consistent with earlier snowmelt, reduced snowpack 
accumulation, and increased evapotranspiration. The potential time-varying strength 

of climate teleconnections itself constitutes a form of non-stationarity. Both 

monotonic trends and weakening climate teleconnections represent departures from 
stationarity relevant to water management. The preference for parabolic PDO–flow 

models matches previous work showing polynomial teleconnections in western North 
America (Fleming and Dahkle 2014, Georgiadis and Baker 2023).  
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Timing of Changes 

Among longer-record stations, the early period exhibited more streamflow trends than 
the middle or late periods, but all three periods actively favored no trends. This 

contrasts with results for the full record, where annual and some monthly flows 

favored trends for a majority of stations. Detected changes could reflect an abrupt 
regime shift concentrated around the 1980s (Reid et al. 2016, Litzow et al. 2020). For 

PDO–precipitation relationships, AICc model comparison favored step-change 
models. The early subperiod may capture regime transitions, and stronger PDO 

relationships could enhance trend detection. Later subperiods may be limited to post-
transition states. However, all subperiods were underpowered. The full record 

captures both the abrupt transition and benefits from maximum sample size, yielding 

the strongest evidence. 

Changing Influence of PDO  

Over the span of the observational record, the PDO–precipitation correlation weakened 
at majority of stations from strong and highly significant to essentially zero and 

nonsignificant (Fig. 8). The PDO reflects the integration of multiple physical processes, 
including the Kuroshio oceanic current, oceanic thermal inertia, and low atmospheric 

pressure near the Aleutian Islands (Newman et al. 2016). Recent work has shown that 

basin-wide anthropogenic warming has created a nonstationary background against 
which the PDO, while still present, appears increasingly faint (Cluett et al. 2025). 

Additionally, the association of PDO with the Kuroshio Current has decreased since the 
late 1990s (Wu et al. 2019). However, the linkage between precipitation and 

streamflow remained strong. While water managers can still rely on precipitation as a 

strong predictor of runoff, the PDO may be less reliable as a predictor of precipitation.  

Limitations 

Stations included are not evenly distributed spatially, with higher density near the 
Cascades and western Oregon and sparser coverage in southeastern regions, and 

spatial autocorrelation was not evaluated. Not all potentially relevant climate indices 
were evaluated; for example, the Trans-Niño Index has been shown to influence Pacific 

Northwest hydroclimate (Kennedy et al. 2009), and higher modes of the PDO can be 
predictive of streamflow in western North America (Duan et al. 2024). Finally, while 

stations were screened for low irrigation and storage ratios, whether some stations 

experience depletion from groundwater withdrawals is uncertain. 
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Temporal autocorrelation was not addressed; while this may inflate detection rates, 

correction methods can remove real hydroclimatic signals that operate across multiple 
years or basins (Fleming and Sauchyn 2013). The power analysis used parabolic 

oscillation models with time-invariant climate coefficients, which may not accurately 
represent processes driving interannual variability at all locations. Furthermore, this 

parameterization assumes stationarity in climate relationships, but teleconnection 

analyses suggest these relationships are changing, which may bias power estimates. 
All evaluated models represent simplified approximations of complex physical 

watershed processes and may not adequately capture basin-specific responses to 
climate forcing. The uniform application of DJF PDO and NDJ ENSO indices across all 

stations, while avoiding overfitting, may miss station-specific seasonal sensitivities 
that could improve model performance. Step changes in streamflow were not 

assessed. For teleconnections, the step change year was selected a priori to 

approximately align with documented global regime shifts; results may differ if 
alternative breakpoints are assumed, and sensitivity to this choice was not formally 

evaluated. 

Finally, the analysis focused on detecting whether trends exist rather than quantifying 

their magnitudes or identifying causes. Trend direction and evidence were prioritized 

over effect sizes. Only linear trends were assessed. Furthermore, changing 
teleconnection relationships could manifest as apparent trends; from a water 

management perspective, both trends and time-varying climate relationships 
constitute departures from stationarity, though they have different implications for 

forecasting approaches. Most stations showed limited statistical power, meaning the 

absence of detected trends cannot be confidently interpreted as evidence of 
stationarity, particularly at shorter time scales. 

Conclusion 

After accounting for climate oscillations, the majority of reference stations in Oregon 

show declines in monthly summer streamflow. This is consistent with climate change–
driven increases in evapotranspiration and reductions in snowfall and snowpack 

longevity. The PDO–precipitation teleconnection may be weakening as anthropogenic 

warming overwhelms the PDO signal, making the PDO less useful for predicting 
precipitation and therefore streamflow. Water resource systems designed and 

operated under the premise that historical patterns provide reliable predictions of 
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future conditions must confront a more complex reality. Models that rely on past 

streamflow conditions to model present and future streamflow will benefit from more 
frequent updates. Trend evidence supports construction of policy statements that can 

guide decisions for water allocation as the climate changes. Future work should 
expand analyses beyond Oregon, explore other climate oscillations, compare trends to 

snow dominance and other watershed factors, and further evaluate potential changes 

in climate teleconnections.  
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