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A B S T R A C T

Climate change impacts water supply dynamics in the Upper Rio Grande (URG) watersheds of the US Southwest, 
where declining snowpack and altered snowmelt patterns have been observed. While temperature and precipi
tation effects on streamflow often receive the primary focus, other hydroclimate variables may provide more 
specific insight into runoff processes, especially at regional scales and in mountainous terrain where snowpack is 
a dominant water storage. The study addresses the gap by examining the mechanisms of generating streamflow 
through multi-modal inferences, coupling the Bayesian Information Criterion (BIC) and Bayesian Model Aver
aging (BMA) techniques. We identified significant streamflow predictors, exploring their relative influences over 
time and space across the URG watersheds. Additionally, the study compared the BIC-BMA-based regression 
model with Random Forest Regression (RFR), an ensemble Machine Learning (RFML) model, and validated them 
against unseen data. The study analyzed seasonal and long-term changes in streamflow generation mechanisms 
and identified emergent variables that influence streamflow. Moreover, monthly time series simulations assessed 
the overall prediction accuracy of the models. We evaluated the significance of the predictor variables in the 
proposed model and used the Gini feature importance within RFML to understand better the factors driving the 
influences. Results revealed that the hydroclimate drivers of streamflow exhibited temporal and spatial vari
ability with significant lag effects. The findings also highlighted the diminishing influence of snow parameters (i. 
e., snow cover, snow depth, snow albedo) on streamflow while increasing soil moisture influence, particularly in 
downstream areas moving towards upstream or elevated watersheds. The evolving dynamics of snowmelt-runoff 
hydrology in this mountainous environment suggest a potential shift in streamflow generation pathways. The 
study contributes to the broader effort to elucidate the complex interplay between hydroclimate variables and 
streamflow dynamics, aiding in informed water resource management decisions.

1. Introduction

Climate change is driving impacts on water supply across the 
Southwest of the United States. In the Upper Rio Grande (URG) Basin, 
these changes arise through declining snowpack and decreases in pro
jected runoff per unit snowpack volume (Chavarria and Gutzler, 2018; 
Holmes et al., 2022). In addition, changing climate patterns influence 
snowpack characteristics like snow accumulation and ablation (Liao and 
Zhuang, 2017; Taia et al., 2023), affecting the quantity and timing of 
runoff in the snow-dominated watersheds within the San Juan Mountain 
range of the URG (Moeser et al., 2021). These watersheds of the URG 
serve as a critical upstream source for the Rio Grande Basin (RGB), 

which provides municipal water for over 6 million people and irrigation 
water for 2 million acres of land (Rio Grande Basin, 2016). Continuing 
climate change will likely impact regional natural streamflow genera
tion (Lehner et al., 2017; Moeser et al., 2021), requiring a better un
derstanding of regional factors affecting streamflow, particularly those 
attributed to climate change. Anticipated effects of climate change on 
hydro-climatic factors in the watersheds may lead to a compounded 
reduction in runoff where multiple factors contribute to a cumulative 
decrease (Islam et al., 2023, 2022, 2019), with potential consequences 
for agriculture, ecosystems, and socio-technical systems in the region.

A changing water supply challenges water managers; models are 
often used to provide insight into future hydrologic conditions (Islam, 
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2023, 2021, 2019). Hence, robust explanatory and predictive models 
that can capture the impacts of a changing climate are crucial for effi
ciently managing regional water resources (Islam and Gilbert, 2024; 
Islam and Gilbert, 2024; Larsen et al., 2024). Several recent studies have 
examined the intricate connection between climate and hydrology in the 
URG (Islam et al., 2022; Moeser et al., 2021). While temperature and 
precipitation effects on streamflow often receives the primary focus 
(Fleming et al., 2021; Lehner et al., 2017; Moeser et al., 2021; Shultz, 
2020), other hydroclimate variables may provide more specific insight 

into runoff processes, especially at regional scales (Trancoso et al., 2017; 
Xu et al., 2018) and in mountainous terrain where snowpack is a 
dominant water storage. Previous studies (Elias et al., 2021; Islam et al., 
2022) have explored how local differences in snowpack characteristics 
and processes connect to variations in runoff in the URG basin; this study 
additionally examines the importance of streamflow predictors under 
recent climate change conditions.

In the western US mountains, springtime snowmelt has historically 
dominated hydrographs, contributing 50–80 % of the total annual 

Fig. 1. (A) Study watersheds of the San Juan Mountains, (B) Elevation map.

Table 1 
USGS gauging stations, watershed areas, latitude, longitude, and elevation ranges.

San Juan Mountains’ 
Watersheds

USGS Gauging 
Station

Watershed Area 
(sq-km)

Watershed within 
Latitude

Elevation Range 
(m.a.s.l)

Average 
Elevation (m)

Total Precip. 
(mm/year)

Avg. Min 
Temp (◦C)

Saguache 8227000 1340 37◦50′–38◦20′ 2448–4229 3338.5 524.28 2.79
Del Norte 8220000 3396 37◦25′–38◦00′ 2436–4222 3330.5 755.04 1.69
Alamosa 8236000 274 37◦20′–37◦30′ 2624–4036 3330 898.96 1.95
Conejos 8246500 729 37◦00′–37◦25′ 2524–4005 3264.5 972.72 2.56
Los Pinos 8248000 395 36◦50′–37◦10′ 2454–3716 3085 891.6 3.48
Lajara 8238000 266 37◦05′–37◦25′ 2464–3632 3048 738.12 3.65
Rio Chama 8285500 1222 36◦30′–37◦10′ 2159–3886 3022.5 642.6 5.29
San Antonio-Ortiz 8247500 298 36◦45′–37◦00′ 2437–3327 2882 628.32 4.18

Table 2 
Time series variables and respective data format and sources.

Variable Type of data Unit Data description Reference

SWE Raster-Monthly kg/m^2 NLDAS-2 Mosaic Land Surface Model (Mocko, 2012; Rui and Mocko, 2018)
Snow Depth Raster-Monthly (m) NLDAS-2 Mosaic Land Surface Model (Mocko, 2012; Rui and Mocko, 2018)
Snow Cover Raster-Monthly Fraction NLDAS-2 Mosaic Land Surface Model (Mocko, 2012; Rui and Mocko, 2018)
Min. Temperature Raster-Monthly ℃ PRISM Climate Data (“PRISM Climate Group,” 2014)
Precipitation Raster-Monthly mm PRISM Climate Data (“PRISM Climate Group,” 2014)
Snow Albedo Raster-Monthly % NLDAS-2 Mosaic Land Surface Model (Mocko, 2012; Rui and Mocko, 2018)
Sublimation Raster-Monthly W/m^2 NLDAS-2 VIC Land Surface Model (Rui and Mocko, 2018; Xia et al., 2012)
Soil Moisture Raster-Monthly kg/m^2 NLDAS-2 Mosaic Land Surface Model (Mocko, 2012)
Streamflow Hydrograph Monthly Volume Ac-ft NRCS Naturalized Streamflow (Goodbody, 2020)
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discharge. Recently, an increased frequency of low snowpack years has 
been observed, especially in areas transitioning from snow to rain 
dominance (Marshall et al., 2019; Steele et al., 2017), with implications 
for runoff amounts and timing. Variability in factors that connect 
watershed and hydroclimatic conditions with streamflow, such as 
snowpack and precipitation patterns, need further investigation, with 
particular emphasis on understanding how these connections have been 
changing. Therefore, this study investigates the importance of stream
flow predictors under historical conditions as a reference for what may 
occur in a changing climate.

Many researchers (Amini et al., 2011; Slater and Villarini, 2017; 
Trancoso et al., 2017; Uwamahoro et al., 2021) have adopted integrated 

approaches in hydrologic analyses by incorporating regional charac
teristics, such as land cover, snow parameters, topography, etc., to 
enhance the performance of both empirical and physical models. Liao 
and Zhuang (2017) investigated the snowmelt factors on discharge in a 
spatially distributed hydrologic model – Precipitation-Runoff Modeling 
System (PRMS). Taia et al. (2023) explicitly addressed the spatial het
erogeneity of snowmelt/accumulation parameters in hydrological 
models to improve snow dynamics and stream discharge estimation. 
Yamini R and Manjula R (2023) developed machine learning models 
focusing on influential parameters in the SWAT model, exhibiting 
improved streamflow prediction, highlighting the importance of critical 
drivers (R and R, 2023). Although critical for model enhancement, 

Fig. 2. Bayesian model selection and averaging across multiple models.
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foundational studies on the key drivers for streamflow prediction in 
statistical models are still lacking (Islam, 2015; Islam et al., 2022; Xu 
et al., 2018). Assessing the relative influence of streamflow variables is 

essential for model simplification, integrated modeling, and multivari
able calibration. Thus, the exploration of streamflow variables warrants 
further attention from the scientific community for its watershed 
modeling significance. Identifying influential variables can aid refining 
the empirical modeling process and guide the collection of additional 
data to improve predictions.

However, selecting stream variables and understanding their relative 
influence is complex, considering the spatiotemporal variability and 
process interactions that drive runoff and streamflow at the watershed 
scale (Islam et al., 2023; Islam and Brown, 2018; Pechlivanidis et al., 
2020). Pechlivanidis et al. (2020) specifically highlighted the influence 
of a basin’s climatology and precipitation forecast biases on the pre
dictability of seasonal streamflow, thereby emphasizing the significance 
of climate-driven predictors and the uncertainties associated with their 
estimation. Although other studies (Islam et al., 2022; Papachar
alampous and Tyralis, 2022; Pechlivanidis et al., 2020; Slater and Vil
larini, 2017) have discussed the importance of climate-driven variables 
for streamflow prediction, there are still gaps in understanding across 
diverse landscapes. This study addresses the gap by exploring 

Fig. 3. Flow chart illustrating the designed process for RF analysis.

Table 3 
Objective functions and their corresponding equations.

Objective functions Equations

Index of Agreement 
(d) 1 − (

∑
|Qobs − Q sim|

∑
(|Qobs − mean(Qobs) | )+

∑
(Q|sim − mean(Qobs)|

) ×

100 (4) 

Coefficient of 
Determination 
(R2)

(

∑
(Qobs − mean(Qobs) ) ×

∑
(Qsim − mean(Qsim) )

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅∑
(Qobs − mean(Qobs) )2 ×

∑
(Qsim − mean(Qsim) )2

√ )2 

(5) 

Nash-Sutcliffe 
Efficiency (NSE) 1 −

∑
Qobs − Qsim)2

∑
(Qobs − mean(Qobs) )2

(6) 

Bayesian R-squared 
(bR2) 1 −

Variance
∑

Qobs
Varianceofposterior(

∑
Qsim)

(7)

Fig. 4. BIC-BMA-weighted standardized estimates for early snowmelt and spring runoff.
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hydroclimate factors, their spatiotemporal variability, and the mecha
nisms influencing streamflow in the diverse watersheds of the URG.

In recent work, several statistical methods have been deployed to 
identify the most important predictors for streamflow. Slater and Vil
larini (2017) assessed the individual effects of predictors (precipitation, 
temperature, agricultural land cover, population density, and ante
cedent precipitation) on seasonal streamflow using Generalized Addi
tive Models for Location, Scale, and Shape (GAMLSS) with a gamma 
distribution evaluated with Akaike Information Criteria (AIC). Islam 
et al. (2022) used AICc-weighted standardized streamflow estimates in 
the URG basin, mainly focusing on the importance of individual vari
ables rather than models. However, model selection is essential for 

robustly addressing interacting and synergetic effects when combined 
variables become more influential than their individual contributions. 
The proposed advancement in this study involves quantifying influences 
emphasizing model parsimony and accounting for individual and syn
ergistic effects. Unlike the previous studies using AIC/AICc, which are 
lenient in allowing more variables and sometimes lead to overfitting 
(Spanos, 2010), the present study prioritizes selecting models that 
achieve the optimal trade-off between explanatory power and 
simplicity, enhancing their applicability across diverse hydrological 
scenarios.

Bayesian Information Criteria (BIC) is considered suitable for 
exploring model parsimony (Huang, 2017). Both AIC and BIC are widely 

Fig. 5. BIC-BMA-weighted standardized parameter estimates for summer runoff.

Fig. 6. BIC-BMA-weighted standardized parameter estimates for late summer and fall transition.
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used model selection criteria, with BIC being more consistent in 
choosing the parsimonious one, and it outperforms AIC, particularly in 
forecasting long-range scenarios (Acquah, 2010; Emiliano et al., 2014; 
Medel and Salgado, 2013). Emiliano at el. (2014) suggested that the BIC 
performed superior to the other two information criteria (AIC and AICc), 
especially in simulating time series models. However, the reliability of 
BIC-based inferences has also been questioned as it assumes a true model 
among candidates, which may not always be the best fit (Spanos, 2010). 
While BIC considers a model the best fit, complementing it with other 
methods can be beneficial for better accounting model uncertainties.

Bayesian Model Averaging (BMA) has been used in various domains 
for model development and dealing with uncertainties (Gibbons et al., 
2008; Kim et al., 2020). Li (2009) used BMA to predict groundwater 
heads, identifying unfavorable models and propagating uncertainty. 
BMA has been used to enhance streamflow forecasting, as Darbandsari 
and Coulibaly (2020) demonstrated that the entropy-based BMA 
approach improved high-flow predictions (Darbandsari and Coulibaly, 
2020). Zhang et al. (2009) found that BMA, combined with Genetic 
Algorithms, can provide reliable deterministic predictions and uncer
tainty analysis (Zhang et al., 2009), indicating the potential of BMA 
when combined with other methods. Kim et al. (2020) also showed that 
BMA outperformed machine learning methods with enhanced accuracy 
(Kim et al., 2020).

Machine learning (ML) is increasingly preferred for its simplicity in 
processing input data and its capacity to handle nonlinear systems in 
estimating variables (e.g., streamflow) (Jimeno-Sáez et al., 2022; Kim 
and Kim, 2021). Unlike physically based models that demand extensive 
information, ML provides an efficient alternative, especially when 
dealing with highly uncertain and complex processes. Previous studies 
have suggested that simple empirical models often achieve higher ac
curacy than process-based models (Devia et al., 2015; Islam et al., 2023), 
suggesting that such models provide a useful balance between model 
simplicity and accuracy.

This study’s objectives encompass multiple approaches, including 
empirical model development, integrating BIC and BMA for model se
lection and addressing uncertainty, and identification of potential 
mechanisms influencing streamflow, accounting for variables’ syner
gistic and individual effects. The developed model are validated by 
predicting unseen streamflow data; a secondary objective is to compare 
the predictions with Random Forest Machine Learning (RFML), con
trasting Bayesian model-averaged regression with random forest 
regression (RFR). The study examines critical predictors in the RFR 
models, compares them with the proposed models’ significant pre
dictors, and analyzes the relative influences on streamflow.

The Bayesian methodology combining BIC and BMA is unexplored in 
addressing water resource problems within this URG region—a novel 
research scope. Additionally, the comparison with RFML expands 
methodological options by introducing a new approach to the study 
area. This study derives inferences from multiple empirical models and 
ensemble decision trees, to analyze critical variables and their relative 
importance in predicting streamflow and their spatial, seasonal, and 
historical variations. This study’s goal of understanding how streamflow 
drivers are affected by a changing regional climate is foundational in 
projecting current and future consequences in the URG basin, an 
essential need for improving regional water resources planning and 
management.

2. Materials and methods

2.1. Site description

The domain for this study is the San Juan Mountains in the north
western part of the URG basin, on the border of Southern Colorado and 
Northern New Mexico—over 1 million acres of public land in the San 
Juan Mountain range. The study focuses on eight watersheds delineated 
using USGS gauges within the mountain range. Originating in these 
watersheds in the San Juan mountains, the Rio Grande (RG) River flows 
towards the lower elevation to the southeast. This study focuses on the 
mountain portions of the watersheds and does not extend into the flatter 
San Luis Valley or the mountain ranges that form its eastern border. 
Fig. 1 shows the study watersheds (A) and an elevation map (B).

With an area of approximately 33,800 square kilometers, the URG 
basin is a vital water source for numerous communities and diverse 
ecosystems within the southwestern US. Flow in portions of the URG 
system is regulated by reservoirs and diversions operated to meet 
municipal and irrigation demands, impacting the natural flow patterns 
(USBR, 2021). The region experiences annual mean temperatures 
ranging from 6 to 7 ◦C and receives around 630 mm of precipitation, 
much of it falling as snow during winter (Chavarria and Gutzler, 2018). 
Precipitation and temperature vary across the URG basin based on 
latitude (36◦30′ – 38◦20′) and elevation above sea level. A listing of 
watershed properties, and associated USGS gaging stations, is shown in 
Table 1.

These watersheds contribute to the intricate network of rivers and 
tributaries that collectively shape the hydrological patterns of the study 
region. The region’s hydrology is characterized by a snow-dominated 
regime, with snowmelt runoff from the upper basin contributing 
around 50–75 % of the RG River volume (Elias et al., 2021). The 

Fig. 7. Significant model intercept in seasons across watersheds.
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watersheds comprise alpine and rugged terrain with forested slopes and 
lower-elevation agricultural regions. The complex landscape and 
topography and changing climate patterns make it challenging to 
simulate the watersheds’ water supply system. For instance, above- 
average warming due to ongoing climate change is anticipated to 
reduce snowpack accumulation and trigger earlier snowmelt timing, 
affecting snowpack features like snow water equivalent (SWE), snow 
cover, and depth in the US Southwest, thereby impacting both the 
timing and quantity of runoff (Lehner et al., 2017; Marshall et al., 2019). 
Although peak snowpack declined from 1951 to 2015, a significant 
streamflow decline has yet to be seen in the URG as a rise in precipitation 
has compensated (Chavarria and Gutzler, 2018).

2.2. Predictors and response variables

This study explores a range of hydroclimate variables, including 
SWE, snow cover, snow albedo, snow depth, precipitation, temperature, 
soil moisture, and sublimation, as candidate predictors and naturalized 
streamflow as a response variable for time series analysis. Each of the 
eight predictors was selected based on evidence of their potential role in 
runoff generation, with an emphasis on their connection to snowpack 
characteristics. Other regression models for stream flow prediction have 
used similar variables but generally do not consider multiple snowpack 
properties. For instance, the Natural Resources Conservation Service 
method uses SWE, precipitation, temperature, groundwater levels, soil 
moisture, and antecedent streamflow to predict seasonal streamflow 
volume (Fleming et al., 2021; Garen et al., 2011).

Fig. 8. RFML feature importance for Alamosa, Del Norte, Saguache, and Conejos.
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SWE is critical in predicting snowmelt runoff since its spatial vari
ability determines the timing and extent of water supply (Schneider and 
Molotch, 2016). Snow cover is another crucial factor affecting snow- 
dominated watersheds’ water supply and land–atmosphere energy bal
ance. A more substantial snow cover cools the earth’s surface by 
reflecting more energy, whereas a lesser amount reflects less, absorbs 
more energy, and heats the surface. According to Kostadinov (2019), 
mapping snow cover is vital for understanding snowmelt runoff hy
drology (Kostadinov et al., 2019). Snow depth, another climate-sensitive 
indicator, can be measured in snow-covered areas. Land use and climate 
change-induced dryness can produce darker particles or dust that affect 

snow albedo, allowing more solar radiation absorption and accelerating 
snowmelt rates, which reduces the snow depth and consequently 
shortens the snow cover duration (Goldstein et al., 2016). Changes in 
snow albedo and increasing temperature facilitate solar radiation ab
sorption, triggering sublimation and snowpack reduction (Lapp et al., 
2005; Painter et al., 2012). Snowpack decrease and rising temperatures 
have already been noticed in the US Southwest; studies have recognized 
a strong correlation between minimum temperatures and snowmelt 
timing, influencing snow cover persistence and snowmelt initiation time 
(Islam et al., 2023; Zhang et al., 2021). Soil moisture is another 
important factor contributing to streamflow dynamics by joining 

Fig. 9. RFML feature importance for Lajara, Los Pinos, Rio Chama, and San Antonio-Ortiz.
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snowmelt runoff and precipitation input (Penna et al., 2011). Addi
tionally, Trancoso et al. (2017) contend that soil properties significantly 
influence streamflow characteristics at regional scales (Trancoso et al., 
2017).

2.3. Data description and preparation

Watersheds were delineated using a Digital Elevation Model (DEM) 
and the operational USGS gauging stations. A 30 m × 30 m resolution 
DEM from the Shuttle Radar Topography Mission (SRTM) was used, 
extracted with ArcGIS Pro 10.0, and converted to a common NAD 1983 
UTM Zone 13 N coordinate system.

Advanced remote sensing techniques have improved the ability to 
address spatial and temporal variations in snow factors (Islam et al., 
2022; Park, 2015), with common application including monitoring snow 
accumulation/melting variability and improve predictions (Gascoin 
et al., 2019; Zhao et al., 2022). This study uses long-term remotely 
sensed hydrologic data for the eight predictors and hydrograph data for 
one response variable collected in monthly time steps from 1980 to 2019 
from various sites and formats detailed in Table 2.

Minimum air temperature and precipitation data are extracted from 
the PRSIM (Parameter-elevation Relationsships on Independent Slopes 
Model) (Daly et al., 1997). The PRISM data is produced through is a 
spatial modeling technique that estimates climatic variables utilizing 
weather stations’ point measurements, digital elevation data, and other 
spatial information (Liu et al., 2019) combined through regression re
lationships to generate gridded datasets at high spatial resolutions. The 
PRISM model applies regression relationships between climate variables 
and geographic features to generate gridded datasets at high spatial 
resolutions, enhancing regional climate patterns’ spatial understanding 
(Lehner et al., 2017; Strachan and Daly, 2017). A study by Lehner et al. 
(2017) successfully used the PRISM data for precipitation and surface air 
temperature in the URG region.

Estimates of snowpack characteristics are obtained from the NLDAS- 
2 datasets. NLDAS (North American Land Data Assimilation System) 
assimilates observational data from various sources, including ground- 
based stations and remotely sensed satellites, to create high-quality 
land surface models and datasets for North America (Daly and Bryant, 
2013). Researchers studying land surface modeling and hydrology often 
rely on NLDAS-2 data (Tran et al., 2022).

Table 4 
Evaluation metrics for models’ long-term simulation of monthly time series.

Metrics Rio Chama Los Pinos San Antonio- 
Ortiz

Conejos Lajara Alamosa Saguache Del Norte

BIC- 
BMA

RFR BIC- 
BMA

RFR BIC- 
BMA

RFR BIC- 
BMA

RFR BIC- 
BMA

RFR BIC- 
BMA

RFR BIC- 
BMA

RFR BIC- 
BMA

RFR

Sq-R 0.22 0.60 0.35 0.68 0.32 0.49 0.16 0.62 0.27 0.52 0.22 0.59 0.30 0.54 0.36 0.85

bR2 0.24 0.60 0.36 0.67 0.33 0.48 0.18 0.61 0.29 0.51 0.23 0.58 0.32 0.53 0.37 0.85

(d) 0.54 0.82 0.60 0.87 0.69 0.82 0.54 0.77 0.65 0.83 0.62 0.80 0.54 0.78 0.69 0.95
NSE 0.22 0.55 0.31 0.65 0.29 0.43 0.15 0.50 0.21 0.39 0.20 0.53 0.22 0.45 0.36 0.84

Fig. 11. Variable influence during baseline periods (1980–1999).
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We used naturalized streamflow (monthly volume) adjusted by the 
Natural Resources Conservation Service (NRCS). The NRCS adjusts 
streamflow volumes recorded at gages to account for regulations like 
reservoir storage and direct diversions (Goodbody, 2020; Islam et al., 
2022); this eliminates water management effects and allows a more 
accurate study of hydroclimatic effects alone.

2.3.1. Raster data synthesis
The PRISM and NLDAS-2 data, originally at spatial resolutions of 4 

km × 4 km and 0.125 degrees (~14 km), respectively, were obtained as 
gridded rasters at a monthly time step. These initial monthly raster cells 
were disaggregated into a 30 m × 30 m resolution to match the DEM (as 
standard), followed by clipping into the sub-watershed border, which 
allows for capturing finer watershed boundaries and can improve spatial 
consistency in areas with complex terrain. Watersheds’ monthly re
sponses were then calculated by averaging disaggregated pixels as 
monthly mean values for the variables of interest. So, each watershed 
has a single monthly value, which is used to make up the time series. All 
the data processing and analyses were performed in the RStudio inter
face (Allaire, 2012); the raster package’s “disaggregate()” function was 
used in raster resampling, utilizing bilinear interpolation of the nearest 
neighbor method (Hijmans et al., 2023).

2.4. Seasonal and historical divisions

Most of the URG’s annual streamflow typically occurs during spring 
and early summer, driven by snowpack melting (Chavarria and Gutzler, 
2018; Islam et al., 2022). Climate change has altered runoff patterns, 
increasing in winter flow while decreasing in summer. Elias et al. (2021)
observed that the runoff shifts from June-July to April-May in a warmer 
climate affects streamflow timing from March-April to mid-May and 
throughout the year. Pechlivanidis et al. (2020) emphasized the 
importance of the initialization month and the prior knowledge of local 
hydroclimatic conditions in predicting seasonal streamflow 

(Pechlivanidis et al., 2020). Considering this, this study divides the 
water year into three seasons to evaluate these seasonal changes, and it 
categorizes long-term data into baseline or early periods (1980–2000) 
and recent periods (2001–2019). Splitting the historical record in this 
way was done to facilitate comparison across periods and to aid in 
identification of factors influencing hydrologic regimes.

Based on the URG local hydrological and climatic conditions, the 
water year is divided into three seasons: 1. “Early Snowmelt and Spring 
Runoff” season (March-June), experiencing increased streamflow due to 
early spring snowmelt, 2. “Summer Flow” (July-September), which 
represents stable and relatively high streamflow post-peak snowmelt, 
and 3. “Late Summer and Fall Transition” (October-February), which 
transitions from summer flow to snowpack building for next year, when 
streamflow decreases as temperatures drop and snow accumulation 
begins.

2.5. Analytical approach

A linear regression framework tests the influence of different com
binations of the eight predictor variables on fitting the monthly natu
ralized streamflow record. Bayesian information criteria (BIC) and 
Bayesian model averaging (BMA) are used to discern the impacts of 
these predictor variables on seasonal and annual components of 
streamflow while creating a composite regression model; this regression 
framework is referred to here as the BIC-BMA model. The study analyzed 
seasonal and long-term changes in streamflow generation mechanisms 
and identified emergent variables influencing streamflow. The water 
year was segmented into three seasons to analyze the variability of these 
impacts throughout the annual cycle. Historical data is divided into 
early and recent periods, enabling the identification of variables 
affecting streamflow across two separate climate periods. We evaluated 
the significance of the predictor variables in the BIC-BMA model and 
used the Gini feature importance within RFML to understand better the 
factors driving the influences. Model fitting (regression and RFML) and 

Fig. 12. Variable influence in the recent periods (2000–2019).
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monthly time series (1980–2014) simulation were performed to assess 
models’ overall prediction accuracy, validated by unseen streamflow 
(2015–2019). The study thoroughly examined how hydroclimate vari
ables affect streamflow in a changing climate, incorporating seasonal, 
historical, linear, and nonlinear assessments.

2.5.1. Bayesian analyses: Bayesian model selection and averaging
Bayesian Information Criterion, BIC, is a statistical metric used for 

model selection. It assesses and compares models to determine the 
optimal based on parameter quantity and goodness of fit. BIC is calcu
lated using the formula 

(BIC) = -2 * log-likelihood + k * log(n)                                          (1)

where “log-likelihood” evaluates model-data fit, “k” is the number of 
parameters, and “n” represents the number of data points (streamflow 
observations). The model with the lowest BIC value is considered the 
best, reflecting a balanced between model fit (indicated by likelihood) 
and model complexity (penalized by parameter count)(Neath and Cav
anaugh, 2012). Unlike AIC/AICc, BIC typically places a stronger penalty 
on model complexity and becomes more conservative in selecting 
simpler models (Emiliano et al., 2014; Medel and Salgado, 2013; 
Weakliem, 1999). From multiple candidate models, BIC selects the most 
parsimonious model that adequately explains the variations in the target 
variable, emphasizing simplicity while penalizing complex models to 
prevent overfitting (Huang, 2017). It is typically suitable when data 
points significantly outnumber variables (Kim et al., 2023), aligning 
with this study. BIC assumes a “true model” among candidates—a strong 
assumption, and its stricter penalty for complexity may lead to under
fitting. While BIC prioritizes simpler models, penalizing complexity 
inherently introduces uncertainty because the actual model might be 

more intricate. Thus, BIC may not capture the inherent uncertainty, 
especially when dealing with real-field data where the underlying model 
may be uncertain.

BMA is another approach that directly addresses model uncertainty 
by assigning prior probabilities and calculating posterior model proba
bilities, providing a probabilistic framework for model selection 
(Gibbons et al., 2008; Kim et al., 2020; Robertson and Wang, 2009). 
Instead of relying solely on a model with the lowest BIC value, the study 
adopts a model-averaging approach that considers a range of plausible 
models to cover diverse perspectives. The model averaging approach 
allows these multiple models – a source of uncertainty – to be incorpo
rated into a single prediction. The formula (2) represents the BMA- 
predicted outcomes (Ŷ), 

Ŷ = Σi=1 to m Wi (β0i + β1iX1 + β2iX2 + … + βpiXp)                          (2)

Ŷ is calculated by adding up the products of weights assigned (Wi) 
and the coefficients for intercept and predictors (β0i,β1i,…,βpi) from each 
model. The predictors are denoted as X1, X2…Xp, where p is the total 
number of predictors. Summation is taken over i models, where m 
represents the total number of models considered. In the BMA context, 
BIC is used to assign weights to the models based on their balance of fit 
and simplicity, i.e., models with lower BIC (a better balance of fit and 
simplicity) receive higher weights and thus contribute more to the 
model-averaging process.

2.5.2. Proposed model: BMA based multilinear regression
The process begins with defining predictors and response variables. 

Some predictor variables may have a strong correlation with each other. 
Therefore, the procedure accounted for multicollinearity by assessing 
Variance Inflation Factors (VIF). Using the ’vif’ function from the ’car’ 
package (Fox et al., 2007) and removing variables with VIF > 1, the 
study addresses the multicollinearity issue—a standard practice. The 
VIF values greater than one indicate correlated predictors contribute to 
unstable regression coefficients and inflated standard errors (Gregorich 
et al., 2021). Model building involves generating all combinations of 
eight predictors (28 − 1) for the top model, and the BIC is computed for 
each model. Since log-likelihood contributes to the BIC calculation, the 
top 5 models, ranked by the lowest BIC, are selected to prepare a design 
matrix of predictors and response variables for subsequent BMA anal
ysis. While including more models in model averaging (BMA) could 
theoretically improve robustness, models with higher BIC values 
contribute less to the results because they are assigned lower weights. 
Therefore, considering all possible combinations without prioritizing 
BIC would undermine the reliability of using BIC as a model selection 
criterion, and it would lead to including many suboptimal models, 
thereby diluting the strength of the best models. Increasing the number 
of included models beyond 5 did not lead to qualitatively different re
sults but made interpretation more difficult. We balanced the model 
overfit and the uncertainty by focusing on the top 5 models with the 
lowest BIC in model average estimates. The ’BMA’ package is used to 
analyze and extract the best model using BMA (Amini and Parmeter, 
2011). The ’bicreg’ function of the ’BMS’ package considers multiple 
models in assimilating the best model based on the BIC. Standardized 
coefficients in the BIC-BMA regression model are calculated and used as 
the primary metric to assess the relative importance of each predictor. It 
quantifies the influence of each predictor variable on streamflow, 
considering the differences in scale. Standardized coefficients, or beta 
coefficients, represent how much the response variable (dependent 
variable) changes in standard deviation (SD) for each SD change in the 
predictor variable (independent variable). A higher standardized coef
ficient signifies a greater impact on the response variable (streamflow); 
positive coefficients mean that an increase in the predictor is associated 
with an increase in streamflow, while negative coefficients represent 
inverse relationships. The model is then used to make predictions of 
unseen streamflow data (years 2015 – 2019, not used in the model 

Fig. 13. Historical changes in influences for three important predictors.
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fitting) based on new data on the predictor variables. Fig. 2 shows the 
proposed model’s procedural flowchart.

2.6. Forest-based predictive modeling

Random forest machine learning (RFML), a supervised ML method, 
uses ensembled decision trees to improve predictive performance and 
reduce overfitting. Ensemble learning is a technique that trains each tree 
on a random subset of the data at each split (Breiman, 2001), allowing it 
to de-correlate the individual trees and enhance the model’s general
ization capability. The algorithm aggregates the forecasts from indi
vidual decision trees to generate a final prediction. Regarding accuracy 
estimation, RF has an internal mechanism for estimating the out-of-bag 
(OOB) errors that assess the model’s ability to generalize for unseen data 
by evaluating the performance of each tree on the data points not 
included in the training subset. The aggregated OOB errors across all 

trees provide an overall accuracy estimate (Breiman, 2001; Svetnik 
et al., 2003).

2.6.1. Gini feature selection
Gini impurity measures feature importance, counting each feature’s 

contribution to reducing variance (or “impurity”) across decision trees, 
(Archer and Kimes, 2008; Dewi and Chen, 2019), which is a key crite
rion in RF for splitting nodes into individual trees. Gini impurity mea
sures the likelihood of misclassifying a randomly selected element in a 
dataset, and it is used in decision trees as a component of a random 
forest. Gini impurity is calculated using class probabilities, defined by 
the formula: 

Gini (S) = 1 −
∑c

i=1
(p2

i ) (3) 

where S is the set of data points, c is the number of classes, pi is the 

Fig. A1. BIC-BMA regression model Scatterplots for seasonal prediction.
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probability of selecting a data point of class i from set S, and where pi =
(Number of data points with class i) / (Total number of data points in set 
S). In random forest regression (RFR), the algorithm similarly measures 
each feature’s contribution to reducing variance (or “impurity”), known 
as Mean Decrease in Impurity (MDI). The MDI averages impurity 
reduction across all trees in a forest and indicates variable importance, 
which allows variables to be ranked based on their influence on the 
model’s predictions (Scornet, 2023). In R’s ’randomForest’ package, the 
’varImp’ function provides variable importance as a percentage; a 
higher percentage value indicates greater importance, contributing 
more to accuracy.

2.6.2. RFR – Random forest regression
Random Forest Regression (RFR) is a variant of RFML, able to predict 

continuous values (Liu et al., 2020). Comparative studies showed the 
superiority of RFR over other machine-learning algorithms and tradi
tional statistical methods in streamflow prediction, especially in regions 

characterized by intricate hydrological processes and limited data 
availability (Jimeno-Sáez et al., 2022; Liu et al., 2020; Schoppa et al., 
2020; Virro et al., 2022). RFR captures the nonlinear relationship be
tween predictors and response variables since it does not rely on the 
linearity assumption, making it more robust to collinearity than other 
regression methods (Li et al., 2020; Ma and Cheng, 2016). RFR has also 
been applied in streamflow predictions, specifically in successfully 
predicting hydrographs in snowmelt driven watersheds (Cho et al., 
2019).

2.6.3. Designed algorithms for RF analysis
The ’randomForest’ package (RColorBrewer and Liaw, 2018) was 

used to build the RF regression model. The monthly streamflow and 
predictor variable time series dataset described earlier is used as input to 
the RF regression model. Bootstrapping and out-of-bag (OOB) sampling 
are used to expand the dataset size for training. Hyperparameter opti
mization is performed via random search over a space defined by ntree 

Fig. A1. (continued).
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(number of trees = 500), mtry (variables randomly selected at each split 
= 3), and maxnodes (maximum terminal nodes). mtry is usually recom
mended to be one-third of the feature number in RFR and ntree to be 500 
as a standard (Breiman, 2001; Hastie et al., 2001; Liaw and Wiener, 
2002). Root Mean Square Error (RMSE) is the training control object for 
10-fold cross-validation (method = ’cv,’ number = 10). Ridge regula
rization adds a penalty term to control model complexity and addresses 
overfitting during training (Hoerl and Kennard, 1970). Although 
Random Forests inherently addresses overfitting through ensemble and 
bootstrapping, intentionally incorporating ridge regularization can 
benefit specific datasets, providing an additional layer of control over 
the model complexity. While not a standard feature of the ’random
Forest’ package, the effectiveness of its inclusion is monitored on 
training and validation data. If the model generalizes well and avoids 
underfitting, ridge regularization would be a valid strategy. The ’caret’ 
package automatically selects the best hyperparameter combination 
based on the minimum RMSE value. The resulting model, trained on the 

entire dataset, provides an overall performance estimate (i.e. a measure 
of how well the model estimates streamflow based on selected predictor 
variables). Evaluation metrics are calculated for each fold during cross- 
validation, and all folds are then averaged. Finally, the trained model is 
tested on a separate validation data set (i.e., not utilized in bootstrap and 
out-of-bag) for streamflow prediction. Fig. 3 depicts a procedural 
flowchart of the RF analysis as designed.

2.6.4. Linear vs. Nonlinear approach
Hydroclimate drivers and streamflow exhibit diverse relationships 

that vary spatially and temporally. The BIC-BMA model highlights linear 
aspects of the relationship, balancing model fit and complexity while 
addressing uncertainty through probabilistic insights into the drivers’ 
relative importance. Standardized coefficients derived from BIC-BMA- 
based model quantify streamflow impacts, making the influence of 
each driver of streamflow comparable across scales and units. Despite 
the nonlinearity of rainfall-runoff processes at certain scales, the 

Fig. A1. (continued).
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linearity assumptions underlying the BIC-BMA are analogous to those 
employed in the many regression-based operational flow and water 
supply forecast methods that have been used across the Western United 
States for many decades (Garen, 1992; Rosenberg et al., 2011).

On the other hand, RFR, an ensemble ML method, captures nonlinear 
interactions and handles diverse data and multicollinearity (Archer and 
Kimes, 2008; Grömping, 2009); RFR incorporates bootstrapping for 
uncertainty and provides out-of-bag accuracy estimates, which expose 
another insight that complements BIC-BMA and helps identify discrep
ancies arising from linear assumptions. Together, these models leverage 
their strengths—BIC-BMA for interpretability and quantified impacts 
and RFR for capturing more complex nonlinearities—to provide a 
comprehensive understanding of streamflow sensitivities across spatial 
and temporal scales.

2.7. Performance metrics

Table 3 presents error metrics to evaluate models’ predictive per
formance from various perspectives. R-squared explained variance 
(Islam et al., 2015; Leta et al., 2018), while Bayesian R-squared (bR2) 
incorporates parameter uncertainty through posterior distributions 
(Gelman et al., 2019). The index of agreement (d) measures both mean 
differences and variability. Nash-Sutcliffe Efficiency (NSE), another 
widely used metric in hydro-modeling, assesses how closely model 
predictions align with observed variability. Together, these metrics 
provide complementary insights into model fit for streamflow 
prediction.

Here, Qobs is observed, and Qsim is the predicted streamflow. 
Optimal performance for R-squared, bR2, NSE, and d is typically ach
ieved with values close to 1. Satisfactory performance for NSE is 
generally indicated by values greater than 0.5. Ideally, R-squared and 
bR2 should exceed 0.5, while the d should fall above 0.4 for satisfactory 

Fig. A1. (continued).
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performance (Hussainzada and Lee, 2021; Senent-Aparicio et al., 2021).

3. Results

3.1. Seasonal analysis

The BIC-BMA weighted standardized parameter estimates are used to 
determine the predictor influences; a higher value of the standardized 
coefficient indicates a more substantial effect on streamflow. BMA as
signs posterior probabilities to the entire set of coefficients; these 
probabilities describe the likelihood of a variable being included in the 
model while considering all coefficients, which allows uncertainty to be 
addressed. The parameter estimates are obtained using BMA, where BIC- 
based weights are assigned to different models (BIC-BMA Models, Sup
plementary Table); estimates are then standardized. Figs. 4, 5, and 6
present key predictors and their influences (1980–2014) on streamflow 
across three seasons (March–June, July–September, October–February) 
by watersheds, ordered from left to right by elevation, with the lowest 
elevation watershed on the left and the highest on the right. These fig
ures showed the predictor variables with a posterior probability above 
20 %; predictors with a posterior probability below 20 % are omitted 
from the BIC-BMA-weighted standardized illustrations.

In March-June, a soil moisture and minimum temperature signifi
cantly influenced streamflow (Fig. 4) across most watersheds. For San 
Antonio, the standardized coefficient for soil moisture is 8.71; it means 
that a one standard deviation SD rise in the soil moisture is associated 
with an 8.71 SD increase in the streamflow response. Minimum tem
perature is the most influential variable for Alamosa, Del Norte, Sagu
ache, and Conejos (northern latitudinal and high-altitude watersheds) in 
this early snowmelt and spring runoff.

Figs. 5 and 6 also highlight the significance of soil moisture from July 
to February (July–September and October–February), identifying it as a 

key predictor across watersheds. However, the impact scores of soil 
moisture generally decrease in October-February (Fig. 6: late summer 
and fall transition) compared to the other two seasons. During late 
summer and fall transitions, snow accumulation and freezing tempera
tures may affect the relationship between soil moisture and streamflow, 
delaying water infiltration and its immediate contribution to streams.

Snow albedo plays a significant role in streamflow dynamics from 
October to February, interacting with other factors, i.e., minimum 
temperature, snow cover, and soil moisture. Negative snow albedo 
values observed during this period (Fig. 6) indicate increased reflection 
of solar radiation, contributing to surface freezing and reducing 
streamflow generation in these months. The Lajara watershed had no 
predictor (Fig. 5) because all predictors’ posterior probability is below 
20 %. In some cases, the model intercept becomes statistically signifi
cant either on its own or in conjunction with other variables – a situation 
where predictor coefficients may be zero, but streamflow is nonzero; it 
suggests that the model predicts a non-zero value even when all pre
dictor variables are zero. A significantly positive intercept could imply 
that a significant portion of streamflow originates from sources not 
explicitly accounted for in the model, such as groundwater or baseflow, 
or carryover effects from other watershed stores. Fig. 7 shows the sig
nificant model intercepts across watersheds in three seasons where this 
occurs.

The intercept is notably significant in late summer and the fall 
transition (Oct-Feb), with the Del Norte being exclusively significant in 
summer flow. The Del Norte watershed is characterized by its unique 
nature – diverse elevation, extensive watershed area, and low-lying 
agriculture; it has been previously cited for early snowmelt runoff is
sues (Islam et al., 2023). In contrast, Los Pinos and Rio Chama water
sheds, situated in the southernmost part do not show model intercept 
significance.

The RFR analysis of predictor importance at seasonal scales shows 
similar results. The Gini impurity measure of RFR confirmed minimum 
temperature as the key predictor for March-June across all watersheds 
(Figs. 8 and 9).

Fig. 8 indicates that minimum temperature consistently has the 
highest impact in March-June across watersheds, outweighing other 
predictors. However, soil moisture also remained significant for the San 
Antonio and Lajara watersheds.

During October-February (Fig. 6 & Fig. 9), soil moisture becomes 
more influential across watersheds, emerging as a top predictor in both 
the BIC-BMA and RFR analyses, especially in the lower elevation wa
tersheds in the southern part of the San Juan Mountains. Interestingly, 
the RFR method identifies more important predictors in the July- 
September season, suggesting a more complex streamflow generation 
process. Specifically, precipitation and snow parameters have increased 
in importance during this period compared to the other seasons. In 
higher elevated areas (Fig. 8) like the Del Norte, Alamosa, and Conejos, 
snow-related factors such as SWE, snow depth, and snow cover signifi
cantly influenced streamflow. In contrast, precipitation emerges as the 
significant predictor for lower elevated watersheds (Fig. 9) like Lajara, 
Rio Chama, Los Pinos, and San Antonio-Ortiz. Appendix A compiles 
scatter plots for seasonal predictions, comparing predicted vs. observed 
streamflow.

The analysis results suggest that predictive accuracy is typically 
higher during March-June than in other seasons, except in Del Norte and 
Rio Chama, the top two watersheds in terms of streamflow volume 
(Appendix B). The RFR models show stable performance in March-June, 
as indicated in RF validation/cross-validation tables (Performance 
Matrices, Supplementary Table). BIC-BMA-based regression models 
demonstrated comparable performance to RFR at the seasonal time 
scale, with some instances of superior performance. However, RFR 
consistently outperforms in cases where intercepts were significant. This 
superiority is attributed to RFR’s enhanced capability to capture 
nonlinear effects, including delayed impacts such as the gradual release 
of water from snowmelt.

Fig. B1. Fractional distribution of annual average streamflow.
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The fractional distribution of seasonal average streamflow 
(Appendix C) highlights a significant finding: the highest flow genera
tion consistently occurs in March-June, contributing significantly more 
than other seasons. High-flow seasons often coincide with increased 
hydrological activity, where certain variables like precipitation in
tensity, snowmelt rates, and soil moisture levels might play a more 

significant role in explaining streamflow dynamics. Models trained on 
more diverse data may better capture relationships between these crit
ical variables and streamflow. In contrast, other seasons may experience 
relatively low-flow conditions, where the influences of variables are less 
significant yet more difficult to detect due to nonlinear and lag effects. 
This pattern demonstrates the profound impact of seasonal variations on 

Fig. C1. Seasonal average of streamflow volume by watersheds.
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streamflow dynamics, a factor researchers should consider in their 
model development for better predictive accuracy.

Additionally, the changing climate patterns have significantly 
impacted seasonal stability. Higher elevated watersheds (e.g., Saguache, 
Del Norte, Alamosa) typically generated a higher percentage of flow 
from July to September than from October to February (Appendix C). 
Lower-elevated watersheds (such as Rio Chama, Los Pinos, and San 
Antonio) showed the opposite pattern. Interestingly, the behavior of the 
Lajara watershed, situated marginally between lower-higher elevated 
watersheds, has shifted over time. The initial 20 years (base periods) of 
the data for the Lajara resembled higher elevated watersheds, but the 

recent periods showed a different trend, with a higher percentage of 
streamflow in October-February than July-September—This insight 
complicates seasonal predictability using stationary regression models 
and highlights the need to capture evolving hydrologic patterns under 
climate change. Therefore long-term hydroclimate data (1980 – 2014) 
was used to develop monthly time-series models for streamflow pre
diction, validated using data from 2015 to 2019.

The RFR model performed well in accuracy (Table 4), proving ML’s 
capacity to capture nonlinear patterns. The consistency between cross- 
validation and validation measures (Performance metrics, Supplemen
tary Table) confirmed the models’ ability to generalize to new data, 

Fig. C1. (continued).
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validating the effectiveness of the regularization technique applied to 
the RFR models.

3.2. Decadal transitions in variable significance

The study also evaluated how the variables influencing streamflow 
changed over time, comparing historical data from early (1980 – 1999) 
to recent periods (2000 – 2019). Examining Figs. 11 to 12 reveals a 
transition in variable influence. Snow cover usually impacts streamflow 
by gradually releasing meltwater, particularly under warming temper
atures and rainfall on snow. However, for Saguache, which is highest in 
average elevation, the prolonged cooler temperatures might slow down 
the snowmelt process, resulting in reduced runoff despite snow cover. 
Figs. 11 and 12 display the watersheds from northern to southern lati
tudes, with the top rows representing higher-elevation watersheds and 
the bottom rows showing lower-elevation watersheds.

Notably, snow parameters in Alamosa, Conejos, Del Norte, and 
Saguache watersheds, characterized by higher elevated and more 
northern location, showed diminishing effects in recent years, with 
Conejos exhibiting no impact of snow cover (Fig. 13). Snow albedo 
followed a similar trend, and soil moisture impact increased across all 
watersheds in the recent period. Snow depth impacted Rio Chama and 
San Antonio-Ortiz watersheds during baseline periods, but no significant 
effect was seen recently.

4. Discussion

Minimum temperature considerably impacts streamflow dynamics 
through snow accumulation and ablation in higher-elevation water
sheds. Snow albedo, snow cover, and snow depth have all played 
important roles in streamflow dynamics in these basins, although their 
significance has diminished in recent years. These previously significant 
factors now exhibit declining predictive influence, which indicates 
changing hydrological patterns in the region. While these factors had 
minimal impact during the base periods in specific watersheds (Conejos 
and Lajara – transitional from higher to lower elevations), they have 
since decreased, implying that the reducing impact is extending from 
lower-elevation to higher-elevation watersheds.

The observed reduction of snow effect on streamflow and the con
current heightened importance of soil moisture indicates the snowpack’s 
evolving dynamics in flow generation, introducing a critical dimension 
to the discussion. The declining snowpack implies a potential shift in the 
distribution pathways to the streamflow, raising the possibility that the 
role of snow in direct streamflow generation may decrease, particularly 
in downstream areas progressing towards upstream or higher-elevation 
watersheds. The decreasing contribution of snow to streamflow aligns 
with the findings across the American West (Li et al., 2017).

A broader view of mechanisms linking snowpack distributions to 
streamflow may be needed, such as delayed contributions through soil 
moisture. The results of this analysis provide some clues to these 
mechanisms. For instance, the reduced snow albedo scores (e.g., Del 
Norte, Alamosa, and Conejos), as indicated by standardized estimates 
from 2000 to 2019, suggest more heat absorption, which is further 
corroborated by rising average minimum temperature, potentially 
leading to snow melting or augmenting soil moisture.

Notably, frozen soil moisture routed from snowpack may play a 
prominent role as an acting reservoir, contributing to the streamflow as 
a delayed effect once thawed. When looking at the significant model 
intercept with few or no essential predictors, the assumed carryover 
effect supports the idea of a delayed impact. This lag effect is particu
larly noticeable in the late summer and fall transition (Fig. 7), which 
aligns with the hypothesis that frozen soil moisture melts in the summer 
season, contributing gradually to late summer flow. The melting mois
ture could also contribute through subsurface pathways, further delay
ing its effect on streamflow. Additionally, the overall snowpack 
reduction diminishes the snow factors’ influences on streamflow, 

allowing other factors—particularly soil moisture—to become more 
influential. The quantity and timing of these changes should 
geographically vary throughout the year, which poses challenges to 
capture in simulations.

This study’s subdivision of water year enabled analyzing seasonal 
variability in variable influences. Spanos (2010) argues that traditional 
model selection criteria (e.g., AIC, BIC) often neglect model validation 
and error probabilities, leading to unreliable inferences; it indicates the 
need to address model uncertainty through validation steps. The study’s 
BIC-BMA-based model captures both indirect (lag) and combined effects 
while quantifying the direct contributions of predictors and is validated 
against independent streamflow data. The performance of BIC-BMA 
models at seasonal time scales highlights the significance of incorpo
rating Bayesian approaches for enhanced predictive accuracy. Some
times, even without individually significant predictors, their 
combination yields favorable validation results. While the BIC-BMA- 
based approach has strength in capturing linear patterns within sea
sonal scales, critically assessing its potential limitations for longer 
temporal scales is essential because the linear relationship between 
predictors and the target variables may not always capture the complex 
hydrologic systems.

Aligning with past results, RFR excels in simulating long-term 
streamflow, demonstrating its ability to explain intricate hydrologic 
relationships over an extended duration. Gini impurity revealed varying 
combined effects of different variables rather than distinct significant 
predictors in the summer flow season, which indicates nonlinear rela
tionship patterns of the variable influences in some months. However, 
RF is less interpretable than linear models; although it provides pre
dictors’ relative importance, it can be challenging to understand the 
specific contributions of individual predictors. Conversely, BIC-BMA- 
based standardized estimates identified important variables and quan
tified variables’ seasonal impact. Applying both methods unveiled 
various aspects of hydrologic responses, raising questions about 
computational efficiency and applicability of singular approaches in 
diverse hydrological contexts. Thus, the implication extends the need to 
refine conventional approaches and explore integrated methods to 
improve hydrological modeling performance.

The study has detected the presence of additional factors, such as a 
carryover or storage impact, but their contributions to streamflow were 
not explicitly quantified. Further studies should address these limita
tions and incorporate factors such as groundwater input and storage 
dynamics. Future research might focus on quantifying the lag effect to 
capture the system’s complexity and delineate historical changes in sub- 
seasonal scales. We recommend that future studies explore region- 
specific high-resolution snow monitoring datasets to estimate snow 
fraction and refine the results.

The results of the study inform hydrologic modeling in snow- 
dominated systems. Knowing more about the relative importance of 
meteorology (air temperature, precipitation) and how water is parti
tioned on the landscape scale (i.e., soil moisture vs snowpack) helps 
define what to measure and where to improve understanding of the 
mechanisms driving streamflow. This also applies to hydrologic 
modeling – process-based models will not provide robust predictions if 
their representation of these partitioning mechanisms is wrong or not 
spatially resolved enough.

5. Conclusion

The study analyzed the seasonal variability of hydroclimatic factors 
and long-term trends in streamflow using a 40-year dataset (1980–2019) 
of monthly time series. Employing multi-model inference, which com
bines Bayesian model selection with a model averaging approach, the 
study determined the impacts of predictor variables and addressed un
certainty. While the BIC-BMA regression assumes linear relationships, 
the RFML model was applied to capture nonlinear patterns at the same 
temporal scale. BIC-BMA performed effectively alongside RFR in 
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seasonal predictions, providing proportionality and interpretability, 
whereas RFR excelled in long-term simulations by capturing complex 
nonlinear interactions and addressing gaps in linear assumptions. This 
study’s data-driven framework for multi-model inference develops a 
more comprehensive understanding of mechanisms driving climate- 
related hydrological shifts.

Results revealed that the streamflow drivers exhibited temporal and 
spatial variability governed by specific mechanisms. Significant carry
over/lag impacts and synergistic and individualistic effects were iden
tified in the seasonal analyses. The results suggest that snow parameters’ 
impact in predicting streamflow has been reduced, more pronounced in 
lower-elevation watersheds heading upstream. This change is caused by 
snowmelt runoff’s distributional patterns, which introduce complexities 
in timing and extent—a potential challenge for traditional modeling 
approaches. The study’s adaptable methodology and focus on critical 
factors make it valuable for stakeholders, aiding in planning, decision- 
making, and developing resilient strategies for sustainable water 
resource management.
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