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Key points: 26 

● Stream isotopic composition was progressively enriched in δ18O and δ2H as the stream network 27 

dried. 28 

● Stream isotopic enrichment is caused by evaporative effects and a decrease in surface water 29 

connectivity.  30 

● Most streamflow was young water (stored in the subsurface < 3 months), with older and more 31 

variable water age as the stream network dried.   32 



 

Abstract:  33 

Non-perennial streams, which lack year-round flow, constitute more than half the global stream 34 

network length. Identifying the sources of water that sustain flow in non-perennial streams is necessary 35 

to understand their potential impacts on downstream water resources and inform current policy and 36 

management. Here, we used water isotopes (δ18O and δ2H) to partition the evolution of streamwater 37 

age compositions and inferred sources through the 2021 summer dry-down period of a non-perennial 38 

stream network at the Konza Prairie (KS). During dry-down, the isotopic composition of non-perennial 39 

streams was progressively enriched in δ18O and δ2H. Integrating two different isotope-based models of 40 

water age, we found a substantial amount of summer streamflow (median 54.4%) is young water that 41 

had been stored in the subsurface for less than 3 months. Streamwater shifted to older sources and 42 

variability in age increased as summer progressed. The shift in water age suggests a shift away from 43 

rapid fracture flow towards slower matrix flow that creates a sustained but localized surface water 44 

presence during the driest parts of the summer. Further, our analysis suggests that unmixing-based 45 

approaches are well-suited for estimating water age in non-perennial systems that lack year-round flow 46 

necessary for fitting time series-based models. The substantial proportion of young water highlights the 47 

vulnerability of non-perennial streams to short-term hydroclimatic change, while the late-summer shift 48 

to older water reveals a sensitivity to longer-term changes in groundwater dynamics. Combined, this 49 

suggests that local changes may propagate through non-perennial stream networks to influence 50 

downstream water availability and quality. 51 



 

Plain Language Summary:  52 

Non-perennial streams, which periodically cease to flow, are widespread globally. Identifying where the 53 

water in non-perennial streams comes from and how long it takes to get to the stream is important for 54 

developing water policy and management strategies. We used water isotopes (δ18O and δ2H), a common 55 

hydrologic tracer, to identify stream water sources and age during the 2021 summer dry-down period of 56 

a non-perennial stream network at the Konza Prairie (Kansas, USA). We found that water sources and 57 

flowpaths changed as the stream network dried. Approximately half of summer streamflow is young 58 

water, meaning it took less than 3 months to travel from precipitation to the stream. However, as the 59 

summer progressed, streamwater shifted to older sources. We interpret this shift in the water age to 60 

indicate a shift in the source of water from rapid flowpaths early in the summer, to slower flowpaths 61 

later in the summer, which sustain localized surface water during the driest parts of the year. Taken 62 

together the substantial amount of young water highlights the vulnerability of non-perennial streams to 63 

short-term weather changes and longer-term changes in groundwater dynamics that may propagate 64 

through non-perennial stream networks to influence downstream water availability and quality.   65 



 

1. Introduction 66 

Non-perennial streams, including intermittent and ephemeral streams, which do not flow year-67 

round (Busch et al., 2020), constitute more than half the global stream network length (Messager et al., 68 

2021), and are becoming more common worldwide (Zipper et al., 2021; Tramblay et al., 2021). Non-69 

perennial streams are important because they influence the ecological health of river networks through 70 

regulation of biogeochemical cycles of nutrients and organic matter (Hale and Godsey, 2019; Zimmer 71 

and McGlynn, 2018) and local and downstream water quality and quantity (Gómez et al., 2017). Despite 72 

their prevalence and importance, non-perennial streams are overlooked and understudied (Krabbenhoft 73 

et al.,2022); however, growing recognition of their abundance has driven attempts to refine hydrological 74 

and ecological theories to account for the unique characteristics of non-perennial flow regimes 75 

(Shanafield et al., 2021; Allen et al., 2020).  76 

While a growing number of recent studies have highlighted the important and unique role of 77 

non-perennial streams in watershed hydrologic and ecological function, management of and policy 78 

affecting these systems remains contested and unclear (Walsh and Ward, 2022). Part of the ongoing 79 

policy debate regards defining which non-perennial water bodies have a significant connection to 80 

downstream perennial streams (Ward et al. 2023). Repeated disagreement over how to define 81 

“significant connections” persists (Alexander, 2015), as seen in policy that extends protections to 82 

adjacent waters on a case-by-case basis if they have a “significant nexus” (Clean Water Rule, 2015) or if 83 

they contribute continuous flow to downstream perennial waters (Navigable Waters Protection Rule, 84 

2020). Both of these rules have since been repealed or vacated, with US federal protections returning to 85 

those codified by the US EPA and ACE in 1986 (US DOD, 1986; Wade et al. 2022). These policy changes 86 

and debate suggest an urgent need to quantify the influence of non-perennial streams on both local and 87 

downstream water quantity and quality (Koundouri et al., 2017; Stubbington et al., 2020).  88 

Quantifying the connection between non-perennial streamflow and water quality first requires 89 

an understanding of the origin of water in these streams and the timescales over which water is 90 

transmitted to the stream (Hrachowitz et al., 2016). Addressing this knowledge gap is challenging 91 

because most of our understanding of water sources comes from perennial streams where ages are 92 

integrated at the catchment outlet over larger temporal scales, commonly annual timesteps (Segura, 93 

2021; Lutz et al., 2018; Jasechko et al., 2016). However, aggregating age estimates at an annual 94 

resolution does not reflect the finer-scale temporal variability of water sources in non-perennial 95 

streams, which often flow seasonally or in response to precipitation events (Shanafield et al., 2021; 96 

Costigan et al., 2016). Furthermore, many previous water age and source estimates often integrate age 97 



 

and source to a single measurement point at the watershed outlet, thereby failing to capture the 98 

potential variation in the spatial distribution of water within a network (Jensen et al., 2019; Botter and 99 

Durighetto, 2020). Thus, quantifying the within-network spatial and temporal evolution of water age 100 

and sources in non-perennial streams underpins our ability to predict the vulnerability of these systems 101 

to changes in groundwater dynamics and streamflow which are exacerbated by changing climate and 102 

human activities (Zipper et al., 2022; Datry et al., 2022). Ultimately, understanding where and when 103 

there is water in non-perennial streams, and the source of that water, addresses the extent to which 104 

they are connected to downstream waters. 105 

 To address this knowledge gap, our goal was to quantify the spatiotemporal variability in stream 106 

isotopic composition and water age, and infer changes in water source during the dry-down of the 107 

stream network for a non-perennial stream at the Konza Prairie Biological Station (Kansas, USA). 108 

Specifically, we asked three questions: (1) How do streamwater isotopic compositions in non-perennial 109 

streams vary spatially and temporally? (2) What factors most strongly influence the distribution of 110 

isotopic compositions in non-perennial streams, and how do these factors vary through time? (3) What 111 

does this imply about the sources of water and their transit times sustaining streamflow? We answered 112 

these questions using water isotopes (δ18O and δ2H), a commonly applied hydrologic tracer for 113 

identifying water sources and modeling water age (Jasechko, 2019), that were collected through regular 114 

sampling at the watershed outlet and three spatially-dense synoptic campaigns throughout summer 115 

2021. The water isotope data were used in models of water mixing and young water fraction to partition 116 

the sources of water sustaining streamflow in a non-perennial stream and to estimate timescales of 117 

storage within the watershed. 118 

 119 

2. Data and Methods 120 

2.1. Study Site 121 

This study analyzes the 2021 summer dry-down of Kings Creek at the Konza Prairie Biological 122 

Station in the Flint Hills of Kansas, USA (Figure 1). Konza Prairie is a native tallgrass prairie, part of the 123 

National Ecological Observatory Network (NEON) and is a Long Term Ecological Research (LTER) site. The 124 

terrain is merokarst with thin limestone units (1-2 m thick) interbedded with mudstone/shale units (2-4 125 

m thick), and is characterized by flashy stream responses to precipitation events, preferential flow 126 

through conduits, and strong vertical heterogeneity (Sullivan et al., 2020; Vero et al., 2018; Macpherson 127 

1996). The landscape is terraced with more resistant limestone units forming benches on hillslopes and 128 

knickpoints in stream channels, while less resistant mudstones erode to more gradual slopes (Costigan 129 



 

et al., 2015). Soils are predominantly silty-clay loams; however, bedrock commonly outcrops at the 130 

surface (US soil taxonomic system; Ransom et al., 1998). Soil profiles are deepest at the base of slopes 131 

(~2 m) and are thinnest on the ridges  (<20-50 cm) (Ransom et al., 1998). 132 

 133 

Figure 1. Stream sampling sites and infrastructure along Kings Creek in the Konza Prairie, KS, USA. Note: 134 

The groundwater wells are offset 50 m away from the stream to be visible.  135 

 136 

 The climate is mid-continental with cold, dry winters and warm, humid summers (Vero et al., 137 

2018). Average annual precipitation is 835 mm, with ~75% of rainfall occurring between April and 138 

September, when vegetation is active and evapotranspiration rates are high (Hayden, 1998). Konza 139 

Prairie received 632 mm in the 2021 calendar year (76% of the annual average, Figure 2). 1150 ha of tall 140 

grass prairie is drained by Kings Creek, a fifth order stream which has been monitored by the USGS since 141 

1979 (USGS gage 06879650). The Kings Creek network dries in many, but not all, years between 142 

approximately July and September due to a decrease in precipitation and increase in evapotranspiration 143 

(Costigan et al., 2015). Groundwater wells are screened in the Upper and Lower Eiss and Morrill 144 

limestone units which contribute considerable amounts of groundwater to the stream at mid-elevations 145 

in the South Fork of Kings Creek via springs along the hillslopes and within the streambed (Hatley et al., 146 

2022). Due to the karstic nature of these limestone units and potentially well-developed stream-aquifer 147 

connections, discharge and groundwater levels respond quickly to precipitation events (Hatley et al., 148 



 

2022; Brookfield et al., 2016). Based on pressure responses in the groundwater wells, the Upper Eiss 149 

Limestone appears to have slightly higher conductivity than the Morrill Limestone, with both having 150 

greater conductivity and stream connectivity than the Lower Eiss Limestone (Figure 2; Hatley et al., 151 

2022). 152 

 153 

Figure 2. Timeseries of (a) precipitation, (b) discharge at USGS gage 06879650, and (c) groundwater 154 

levels at the Konza Prairie. Sampling events are shown as vertical dashed lines. Sharp declines in 155 

groundwater levels in the Lower Eiss occurred as a result of periodic sampling events. 156 

 157 



 

2.2. Sampling Design & Ancillary Data 158 

 Water isotopes (δ18O and δ2H) were collected on June 7th, July 13th, and August 9th (2021) as part 159 

of three synoptic campaigns designed to capture a range of surface water connectivity conditions during 160 

the dry-down of a non-perennial stream network. We identified 50 sampling sites spanning a range of 161 

drainage area and topographic wetness index, which have been previously shown to be significant 162 

predictors of flow permanence in non-perennial streams (Warix et al., 2021). A subset of the locations 163 

strategically targeted sites with long-term data, known springs, and other locations of interest (see 164 

supplemental section SI1.1 for full details on the sampling design). The synoptic samples were collected 165 

only on the South Fork of Kings Creek; the most downstream synoptic network sampling point, 166 

representing a drainage of 531 ha. On each sampling date, we visited all 50 sampling sites and collected 167 

samples if water was present, along with ancillary information regarding the hydrologic conditions (i.e., 168 

whether the water was flowing or pooled and water temperature). A total of 77 distinct grab samples, 169 

excluding duplicates, were obtained: 43 samples in June, 19 samples in July, and 15 samples in August. 170 

All samples were stored in 60-mL glass vials with conical inserts and capped without headspace in order 171 

to prevent isotopic fractionation. Samples were kept in dark and at room temperature (<20 °C) until 172 

analysis. 173 

 Additional data were leveraged from the US Geological Survey (USGS), National Ecological 174 

Observatory Network (NEON), and the Konza Prairie Long Term Ecological Research (LTER) programs. 175 

Discharge in Kings Creek was obtained from USGS gage 06879650, which is ~1.6 km downstream from 176 

the most downstream point of our synoptic sampling. Composite precipitation isotopes were collected 177 

approximately every two weeks between November 2018 and September 2021 from a wet deposition 178 

collector at the NEON Tower, with a gap in collection from March 2020 to July 2020 during the onset of 179 

the COVID-19 pandemic (n = 45; Figure 1; NEON, 2022). The precipitation-sampling collectors meet 180 

International Atomic Energy Agency (IAEA) recommendations to prevent evaporation. In addition to the 181 

precipitation isotopes, stream isotopes were collected approximately every two weeks over the 2021 182 

water year at the NEON Sampling Site (n = 22; Figure 1; NEON, 2022), which is ~1.1 km downstream of 183 

the USGS gage, and has a contributing area of 1306 ha. The USGS and NEON measurement points had 184 

substantially larger contributing areas, incorporating both the North and South Fork of Kings Creek, 185 

while the synoptic samples were only in the South Fork. NEON precipitation and stream isotopes were 186 

stored in dark, cool (<20 °C) conditions and analyzed at the SIRFER Lab at University of Utah. Daily 187 

precipitation amounts were recorded at the Konza Prairie Headquarters meteorological station (Figure 188 

1; Nippert, 2022). Groundwater levels were logged at 5-min intervals in the Upper Eiss, Lower Eiss, and 189 



 

Morill limestone aquifers (Figure 1; Hatley et al., 2022). The meteorological and groundwater data 190 

collection networks are maintained by the Konza Prairie LTER program. 191 

 192 

2.3. Lab Analysis 193 

 Surface water isotopes were measured using a cavity ring-down spectroscopic isotopic water 194 

analyzer (Picarro L2130-i, Picarro Inc., CA). All samples were calibrated against internal secondary 195 

standards, and secondary standards were calibrated against the IAEA primary standards for Vienna 196 

Standard Mean Ocean Water (VSMOW; δ18O = 0.0‰, δ2H = 0.0‰). Average instrument precision was 197 

calculated as 0.05‰ and 0.41‰ for δ18O and δ2H respectively based on the comparison of 41 total 198 

duplicate internal standard samples. Isotopes values were reported in parts per thousand (‰) deviation 199 

relative to VSMOW: 200 

δ = ( (Rs/Rstd) - 1) * 1000 201 

where Rs and Rstd are the isotope ratio (2H/1H or 18O/16O) in the samples and standard (VSMOW) 202 

respectively (Craig, 1961).  203 

 Deuterium excess (d-excess) was calculated for each sample as d-excess = δ2H - 8 x δ18O, where 204 

d-excess values less than 10 (i.e., the intercept of the Global Meteoric Water Line) indicate a sample has 205 

been partially evaporated (Dansgaard, 1964).  206 

 207 

2.4. Data Analysis 208 

 In this study, we integrated two different approaches to estimate water age, leveraging both 209 

spatial and temporal characteristics of our dataset. For the synoptic samples, we conducted a point-210 

based water age estimation using a Bayesian unmixing approach that takes advantage of our spatially-211 

dense, but temporally limited data (Section 2.4.1). Using long-term NEON data, we used seasonal 212 

amplitude ratios of precipitation and streamflow isotopes to estimate the fraction of young water at the 213 

catchment outlet integrated across the 2021 calendar year (Section 2.4.2). For comparison between the 214 

two methods, we also applied the Bayesian unmixing approach to the long-term NEON samples 215 

collected at the catchment outlet. Combining these two approaches allows us to investigate both the 216 

spatial dynamics and average catchment outlet processes of water age, as well as the extent to which 217 

these two approaches are comparable in non-perennial streams.  218 

 219 



 

2.4.1. Approach 1: Bayesian Unmixing 220 

 We used the mixing-evaporation model of Bowen et al. (2018) to infer the relative age of 221 

streamwater at each sampling point during drying. In doing so, we assumed that the isotopic signal in 222 

streamwater reflects an integrated mix of seasonally-distinct precipitation signals, dependent on their 223 

pathways to streamflow. We defined two amount-weighted sources contributing to streamflow: (1) 224 

precipitation that fell less than ~3 months ago and (2) precipitation older than 3 months. These age bins 225 

were selected to match the catchment-integrated young water fraction approach described in Section 226 

2.4.2. 227 

 The mixing-evaporation model (mixSource) is available in the isoWater package in R (Bowen, 228 

2022) and uses Markov Chain Monte Carlo sampling to generate a posterior distribution of source 229 

mixtures conditioned on the observed isotopic values. Prior distributions for the isotopic signal in 230 

precipitation and the local evaporation line were provided to the package. The slope of the evaporation 231 

line (m = 6.00 ± 0.55) was estimated as a linear regression fit to the stream isotopes during the summer 232 

dry-down (Figure S5). The prior describing the relative contributions of each source was left uniformed. 233 

For all analyses, three chains were generated, each run to a length of 200,000 samples with thinning to 234 

retain 7,500 samples per chain. Convergence was assessed with the R-hat statistic (R-hat < 1.05) and 235 

effective sample size (mean = 930), indicating good model convergence. 236 

 237 

2.4.2. Approach 2: Young Water Fraction (FYW) 238 

Streamwater’s isotopic signal is typically damped and lagged relative to the seasonal cycle of 239 

precipitation isotopes, reflecting catchment storage and transit times (Kirchner, 2016a). The seasonal 240 

isotopic signal in precipitation (AP) and streamwater (AQ) can be described as: 241 

                                                  𝛿18𝑂𝑃(𝑡) =  𝛿18𝑂𝑃 + 𝑎𝑃𝑐𝑜𝑠(𝑐𝑡)  + 𝑏𝑃𝑠𝑖𝑛(𝑐𝑡)               {Eq. 1} 242 

                                                  𝛿18𝑂𝑄(𝑡) =  𝛿18𝑂𝑄 +  𝑎𝑄𝑐𝑜𝑠(𝑐𝑡)  + 𝑏𝑄𝑠𝑖𝑛(𝑐𝑡)              {Eq. 2} 243 

where δ18OP(t) and δ18OQ(t) are the isotopic values in precipitation and streamwater at time t, 𝛿18𝑂𝑃  and 244 

𝛿18𝑂𝑄   are the mean isotopic values in precipitation and streamwater, and c is the radial frequency 245 

constant (0.017214 rad/day). Both δ18OP(t) and δ18OQ(t) values were amount weighted to give less 246 

weight to periods of low-precipitation and to periods of zero-discharge when isotopes were collected 247 

from isolated pools. Following von Freyberg et al. (2018), the coefficients a and b were obtained using 248 

iteratively reweighted least squares regression, a robust estimation method that gives less weight to 249 



 

outliers. From this, the young water fraction (FYW) was calculated as the amplitude ratios of δ18O in 250 

streamwater and precipitation: 251 

                                                                    𝐹𝑌𝑊 = 𝐴𝑄/𝐴𝑃  =
√𝑎𝑄

2 + 𝑏𝑄
2

√𝑎𝑃
2  +  𝑏𝑃

2
                                 {Eq. 3} 252 

The FYW is a metric proposed by Kirchner (2016a) that quantifies the percentage of streamflow less than 253 

approximately 2.3 ± 0.8 months in age for a wide range of catchment transit time distributions. 254 

Compared to other measures of water age, such as mean transit times, the FYW is not prone to 255 

aggregation error bias and can be quantified even in catchments that are heterogeneous and 256 

nonstationary (Kirchner, 2016a; Kirchner, 2016b). However, because it relies on fitting sinusoidal models 257 

to stream isotope values (Eq. 2), it is unclear how well it would perform in a non-perennial stream where 258 

water samples are not available year-round. Uncertainty in FYW was assessed by generating random 259 

errors in the original precipitation and streamwater isotope data (Lutz et al., 2016). The original data 260 

were disturbed using a normal distribution of the random errors with a standard deviation equal to 5% 261 

of the range of observed δ18O values. The FYW was calculated 10,000 times (Eq. 3) by fitting the disturbed 262 

data to sinusoidal models for δ18OP(t) and δ18OQ(t) (Eq. 1 and 2), respectively.  263 

 264 

3. Results & Discussion 265 

3.1. Spatiotemporal Patterns in Stream δ18O Compositions 266 

 267 

Figure 3. Spatial variation in δ18O during the summer dry-down period. 268 



 

 269 

Figure 4. Variation in δ18O with distance to outlet during the summer dry-down period. Elevations where 270 

limestone units outcrop the watershed are shown as gray bands. These elevations are based on average 271 

member thickness in the drilling log records at the Konza Prairie.  272 

 273 

 Over June, July and August 2021, the South Fork of Kings Creek shifted from a fully flowing, 274 

connected system to a network of isolated pools concentrated in mid-elevations (Figure 3, Figure 4). The 275 

stream network went from 86% wet in June, to 38% wet in July, to 30% wet in August (Figure 3). Stream 276 

drying occurred between June and August at elevations below ~355m and above ~390m, while mid-277 

elevations in the watershed remained wet (Figure 4). Stream drying fragmented the network into a 278 

series of flowing reaches and isolated pools, with pools representing most of the surface water in August 279 

(Figure 4). Based on past studies that have linked flow to storage thresholds in the underlying limestone 280 

aquifers (Costigan et al., 2015; Hatley et al., 2022), we interpret this widespread wet to dry transition as 281 

a reversal of stream-aquifer direction during the summer. Localized points of drying are likely where the 282 

stream transitioned from gaining to losing at that location and/or upstream, while points where flow is 283 

sustained throughout the summer are likely at or immediately downstream of persistent groundwater 284 

discharge points.  285 

 Surface water persisted at elevations in the range of several limestone aquifers, including the 286 

Eiss and Morill aquifers (Figure 4). The thin 1 - 2 m karstified limestone formations are thought to be the 287 

primary source of water sustaining flow in the South Fork of Kings Creek (Hatley et al., 2022; Keen et al., 288 

2022; Sullivan et al., 2019). Hatley et al. (2022) found groundwater discharge contributed up to 96.3% of 289 

streamflow during their sampling events, which spanned from April through July (2021), with minimal 290 



 

streamflow sourced from soil water (0.13%) and surface runoff (3.83%). Konza’s alternating karstified 291 

limestone formations sustain surface water presence where they outcrop at mid-elevations in the 292 

watershed during the driest parts of the year. Groundwater is known to sustain flow in a range of 293 

systems from small headwater non-perennial streams (Hatley et al., 2022; Warix et al., 2021) to large 294 

intermittent rivers (Zipper et al., 2022; Vu et al., 2018). In instances where regional hydrological regime 295 

drivers are unimportant, such as in the South Fork of Kings Creek, it is local groundwater and its 296 

bidirectional flow to the stream that controls flow permanence and produces nuanced wetting and 297 

drying patterns in space and time (Zimmer and McGlynn, 2017). 298 

The δ18O composition of streamwater was progressively enriched during the network dry-down 299 

and variability in δ18O increased considerably over the summer months (Figure 3). Stream δ18O ratios in 300 

the headwaters varied in space and time, ranging from -6.01‰ to -5.75‰ in June, -6.13‰ to -5.10‰ in 301 

July, and -5.92‰ to 0.18‰ in August (Figure 3). We infer the stream to be well connected and gaining 302 

groundwater from the limestone aquifers in June, when stream δ18O compositions are similar across the 303 

network and the stream was flowing at all sampling points. However, as the limestone aquifers drained 304 

out in the dry summer weather and stream-aquifer directions reversed, disparate portions of the 305 

watershed in space and time were disconnected from groundwater inputs, and the δ18O signal in the 306 

remaining isolated pools were enriched due to evaporative effects.  307 

The within-network variability of δ18O in the headwaters (-6.13‰ to 0.18‰) is wider than the 308 

range of δ18O observed at the downstream NEON site (-6.14‰ to -4.91‰) over the 2021 calendar year. 309 

This comparison in variation is significant because it is often assumed that the range of stream isotopic 310 

composition can be captured at an outlet with repeated sampling. However, our results indicate that 311 

repeated water sampling at a catchment outlet can fail to bound the full range of δ18O values. This 312 

suggests that spatially dense synoptic sampling like that used here and in a limited number of other 313 

studies (Ward et al., 2019; Segura et al., 2019), while effort-intensive, can provide a more nuanced 314 

perspective on within-watershed dynamics and drivers of flow that are obscured by outlet-based 315 

sampling approaches.  316 



 

 317 

Figure 5. Variability in (a) δ18O and d-excess and (b) δ18O and surface water connectivity during the 318 

summer dry-down period. 319 

 320 

There are two interrelated factors that influence the variation in water isotopic signatures: (1) 321 

evaporative effects, as indicated by deuterium excess (d-excess; Figure 5a) and (2) a decrease in surface 322 

water connectivity (Figure 5b). Deuterium excess (d-excess) ranged from 8.90‰ to 10.85‰ in June, 323 

8.39‰ to 10.65‰ in July, and -0.32‰ to 10.12‰ in August (Figure 5a). Shifts to lower d-excess values 324 

are consistent with removal of light water vapor from the stream water during evaporation. Thus, the 325 

degree of evaporation-induced isotopic fractionation increased throughout the summer as conditions 326 

warmed and precipitation events became less frequent. These evaporative effects also produced 327 

differences in the δ18O compositions of flowing reaches compared to isolated pools by the end of the 328 

summer (Figure 5b). Further, variability in δ18O ratios increased as surface water connectivity decreased 329 

and stream-aquifer directions reversed towards losing water to the underlying limestone aquifers 330 

and/or awaiting evaporation in isolated pools above impermeable mudstones. In a random forest model 331 

to predict stream δ18O summed over the summer months, day of year and flowing/pooled reaches were 332 

the best overall predictor for explaining observed stream δ18O compositions, highlighting the role of 333 

disconnection in driving evaporation (Figure S6). 334 

 335 



 

3.3. Ages and Sources of Water Sustaining Streamflow 336 

3.3.1. Spatiotemporal variability during drydown 337 

 338 

Figure 6. Percent of streamflow less than ~3 months in age estimated from Bayesian unmixing approach. 339 

Streamflow age is defined as the mean of the posterior distribution of source mixtures. 340 

 341 

The age of streamflow generally became older and more spatially variable over the course of the 342 

summer (Figure 6). Streamflow less than ~3 months in age ranged from 53.9% to 62.6% (mean = 58.8%) 343 

during June, when the stream network was fully connected and flowing. However, as the stream 344 

became disconnected, the proportion of young streamflow decreased and ranged from 49.5% to 59.0%  345 

(mean = 54.0%) in July , and 39.1% to 62.0% (mean = 46.4%) in August (Figure 6). We interpret these 346 

results, which account for the effects of evaporation, to reflect a shift in groundwater inputs to the 347 

stream, from fast-draining flowpaths in June to more slowly draining flowpaths from lower permeability 348 

horizons later in the summer. There is minimal variation in water age in June, when most of the stream 349 

network received relatively young water from recent precipitation and flow throughout the network 350 

homogenized estimated water age.  351 

However, as the aquifers drained out in the dry summer weather, older water sustained flows 352 

with increased variability in water age as the stream network transitioned from wet to dry and stream-353 

aquifer directions reversed. In July and August, the percentage of older water increased, presumably 354 

from water with more varied age compositions being transported through less permeable pore space 355 

and reduced mixing due to decreased surface water connectivity (Figure 4), though network-wide 356 

approximately half of the stream water was still younger than 3 months in age. The high percentage of 357 

young water aligns with past studies that have shown preferential flow (i.e., soil macropores, fractures, 358 

solution-enlarged pores, and springs) to be important in this watershed with relatively fast flowpaths 359 

routing water to the stream (Macpherson and Sullivan, 2019; Tsypin and Macpherson, 2012; 360 



 

Macpherson et al., 2008). Similarly high young water fractions (reaching up to 40%) and short mean 361 

transit times (0.34 to 0.74 years) have been reported in other small headwater non-perennial streams in 362 

karst aquifers, where young water is likely transmitted via well-developed karst conduits (Rusjan et al., 363 

2019).  364 

 365 

3.3.2. Implications at watershed outlet 366 

 367 

Figure 7. Streamflow less than ~3 months in age from Bayesian unmixing (points) and FYW across the 368 

2021 water year (dashed horizontal line) at the NEON sampling site. For comparison, the red dots show 369 

the average and 95% confidence interval of all the synoptic sampling points (i.e., all points in Figure 3). 370 

The blue line and shaded interval show a loess fit with its 95% confidence interval for the Bayesian 371 

unmixing.  372 

 373 

 To evaluate the results of our unmixing approach, we compared Bayesian unmixing at the 374 

downstream NEON δ18O timeseries to the young water fraction (FYW), which is an alternative, timeseries-375 

based method for estimating water age. The FYW is a complementary metric that estimates the 376 

percentage of streamflow less than 2.3 ± 0.8 months in age for a wide range of catchment transit time 377 

distributions (Kirchner, 2016a). Both the Bayesian unmixing approach and FYW quantify the front-end of 378 

the transit time distribution for Kings Creek, meaning they measure water being transported along 379 



 

preferential flowpaths rather than long regional flowpaths or matrix pore space. Transport along 380 

regional flowpaths and through matrix pore space is often orders of magnitude slower and produces 381 

typical mean transit times on the order of years or even decades (McGuire and McDonnell, 2006).  382 

Water age estimates using the Bayesian unmixing approach (approach 1) applied at the 383 

downstream NEON sampling site agreed well with average water age derived from fraction young water 384 

(approach 2) during the summer months; both spatial and temporal water age estimates are consistent 385 

with the FYW. Bayesian estimates of streamflow less than ~3 months in age ranged from 39.2% to 59.1% 386 

in 2021, with older water sustaining streamflows during the driest parts of the year, and agreed well 387 

with the average of water age from the synoptic points (Figure 7). The median FYW was 54.4% for the 388 

2021 water year, with a 95% confidence interval of 38.1% to 71.4% (Figure 7; Figure S8), which is also 389 

consistent with the synoptic sampling results. Thus, we observe good agreement in water age estimates 390 

between the three approaches tested here: Bayesian unmixing of synoptic samples, Bayesian unmixing 391 

of downstream NEON samples, and FYW of NEON samples. These results suggest that the Bayesian 392 

unmixing approach is a robust method for understanding water age at multiple points in a watershed 393 

over timesteps smaller than the annual average provided by the FYW method. Furthermore, it suggests 394 

that the Bayesian unmixing method is better-suited for estimating water sources in non-perennial 395 

systems, where perennially-based methods to estimate water age do not work due to lack of surface 396 

water during portions of the year(e.g., fitting sinusoidal models or transit time distributions). 397 

 398 

3.4 Synthesizing evidence of water age and source in non-perennial streams 399 

 Multiple studies have concluded that groundwater sustains flow in the South Fork of Kings Creek 400 

(Hatley et al., 2022; Keen et al., 2022; Sullivan et al., 2019); however, the transit time for groundwater to 401 

reach the stream remained unknown. We found the South Fork of Kings Creek shifted from a fully 402 

flowing, connected system to a network of isolated pools, where surface water persisted due to 403 

groundwater inputs from the many limestone aquifers (Figure 3 and 4). During the network dry-down, 404 

the δ18O composition of streamwater was progressively enriched due to evaporative effects and a 405 

decrease in surface water connectivity (Figure 5). Multiple lines of evidence suggest that a substantial 406 

amount of summer streamflow (up to 62.6% at points) originated as relatively young water sourced 407 

from spring rains and high-intensity summer storms (Figure 6 and 7).  408 

Streamflow in the South Fork of Kings Creek is a mixture of young and old water, with increasing 409 

age as the stream network dries, indicating that old water can be stored in the subsurface but remain 410 

disconnected from the stream for part of the year. Understanding this mixture of young and old water in 411 



 

generating streamflow provides another line of evidence for the “fill and spill” hydrology hypothesized 412 

to operate in the Konza Prairie and other similar merokarst settings, where storage thresholds control 413 

flow permanence (Costigan et al., 2015; McDonnell et al., 2021). In brief, when the watershed is dry, 414 

precipitation infiltrates into the subsurface to “fill” the many limestone aquifers, but does not push 415 

groundwater to the stream. However, as the limestone aquifers exceed some critical threshold of 416 

storage, they “spill” by pushing groundwater to the stream. At the point when storage thresholds are 417 

exceeded, precipitation and streamflow patterns are synchronized (Costigan et al., 2015). Our results 418 

suggest that spring and early summer rains provided a substantial flux of young water that was 419 

transmitted to the underlying limestone aquifers through soil macropores and bedrock fractures (noted 420 

in Macpherson and Sullivan, 2019; Tsypin and Macpherson, 2012; Macpherson et al., 2008) and, once 421 

storage thresholds were exceeded, the stream network transitioned to flowing and connected. As the 422 

stream dried, the shift in water age indicates a shift in water sources from within-year preferential 423 

groundwater discharge to much older groundwater that was pushed out of less permeable matrix pore 424 

space. Taken together, our study indicates that seasonal contributions of young water drive storage 425 

above critical thresholds causing wet-up, while old water is more slowly pushed out of the less 426 

permeable pore space thereby sustaining surface water during the driest parts of summer. 427 

Groundwater plays a critical role in sustaining flows in non-perennial streams spanning the river 428 

network continuum, from small headwater streams (Hatley et al., 2022; Warix et al., 2021) to large 429 

mainstem rivers (Zipper et al., 2022; Vu et al., 2018). The hydrological regimes of non-perennial streams 430 

are driven by a wide range of factors including meteorology, geology, land cover, and human activities, 431 

which interact over a range of spatial and temporal scales to influence the quantity of groundwater 432 

available to sustain flows (Hammond et al., 2020; Shanafield et al., 2021). However, by definition, non-433 

perennial streams become disconnected from groundwater inputs at some point in time throughout the 434 

year. Thus, stream-aquifer interactions in non-perennial streams are bidirectional in space and time 435 

(Staudinger et al., 2021), meaning that non-perennial streams can serve as focal areas of regional 436 

groundwater recharge for some period of the year, while contributing water, solutes, and materials to 437 

downstream perennial waters during the rest of the year. Indeed, non-perennial streams, especially in 438 

karst regions, are a dynamic and critical interface between the landscape, regional aquifers, and 439 

navigable waters, with far-reaching implications for water management and policy.  440 

 441 



 

4. Conclusions 442 

Non-perennial streams are the source of considerable debate regarding policy and 443 

management; much of the debate centers on their connection to downstream sources. Thus, our 444 

demonstration of the prevalence of relatively fast flowpaths in sustaining flow in non-perennial streams 445 

provides a structural “significant nexus” between small, non-perennial headwater streams and their 446 

downstream perennial rivers in merokarst regions. Therefore, we conclude that management decisions 447 

around non-perennial streams that alter water quality and/or quantity have the potential to 448 

“significantly affect the chemical, physical, and biological integrity” of downstream navigable waters 449 

(Clean Water Rule, 2015). Due to the predominance of fast flowpaths sustaining streamflow in Kings 450 

Creek, nutrients and contaminants have the potential to be transported over short timescales from the 451 

landscape to the stream, with little time for attenuation. These fast flowpaths could exert a 452 

disproportionate influence on downstream water quality, where young water is less prevalent. For 453 

example, in agricultural regions, nitrate from farming operations has extensively degraded surface and 454 

groundwater quality; the prevalence of fast groundwater flowpaths in regions with high legacy nitrogen 455 

load could contribute to on-going declines in surface water quality (Byrnes et al., 2020; Van Meter et al., 456 

2018; Van Meter et al., 2016). As another example, even much longer groundwater flowpaths have been 457 

shown to rapidly transport contaminants over short timescales (< 10 months), as seen in the 458 

contentious County of Maui, Hawaii v. Hawaii Wildlife Fund case (Cornwall, 2020; Craig et al., 2013). 459 

Degradation of water quality could be further compounded by changes in water availability driven by 460 

short-term hydroclimatic change and longer-term changes in groundwater dynamics, which could cause 461 

downstream perennial waters to receive increasingly variable streamflows, with potential to affect our 462 

ability to meet both agricultural and domestic water requirements. Indeed, policymakers and water 463 

managers may need to account for the potential fast transit of water from the landscape to non-464 

perennial streams to downstream perennial waters, which suggests that upstream alterations of land 465 

use and climate have the potential to shift downstream water quality and quantity.  466 

 We combined water isotopes with isotope-based models of water mixing and young water 467 

fraction to partition water age, water source, and associated changes during the summer dry-down of a 468 

non-perennial headwater stream network at the Konza Prairie. We found pronounced spatial and 469 

temporal variability in stream δ18O compositions during the summer dry-down period due to 470 

evaporative effects and a decrease in surface water connectivity. Water age estimates from two 471 

independent datasets are similar, and in agreement with the FYW age estimates, suggesting that our 472 

Bayesian Unmixing approach is a robust method for understanding water age at multiple points in a 473 



 

watershed over timesteps smaller than a year. We found that a substantial amount of streamflow in the 474 

South Fork of Kings Creek originated as young water sourced from within-season precipitation that had 475 

been stored in the subsurface for less than 3 months, regardless of position in the watershed. As the 476 

summer progressed, there was a shift to older water sources, with variability in age compositions 477 

distributed throughout the drying stream network. We interpret this water age transition as a shift in 478 

water source towards less permeable and slower subsurface flowpaths that sustain flow during the 479 

driest parts of the year. The predominance of young water routed along fast flowpaths suggests a rapid 480 

connection between these upstream headwaters to downstream perennial waters, indicating that 481 

changes to water quality and/or quantity in non-perennial streams have the potential to cause 482 

significant downstream consequences.  483 
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Supplementary Information 
 

SI1. Detailed Methods: 
SI1.1 Sampling strategy 

The 50 sampling sites in this study were defined to leverage existing long-term data while 
spanning a range of watershed physiographic and no-flow conditions. In addition to the water isotope 
samples investigated in this study, these sampling sites were also used for a variety of other samples 
including microbial and macroinvertebrate communities, other water chemistry parameters, and 
instrumentation with stream temperature, intermittency, and conductivity (STIC) sensors, and therefore 
the sampling approach used was meant to balance the competing priorities of these teams, rather than 
optimize the sampling from a purely isotope-driven perspective.  

First, we identified a subset of priority locations that we wanted to ensure were sampled. These 
priority locations included sites with existing hydrological data including long-term weirs maintained by 
the Konza LTER network (n=4), existing stream intermittency sensors from other projects (n=10, which 
included our planned watershed outlet location), locations immediately downstream of a subset of 
springs identified during field mapping campaigns (n=7), and near unmonitored tributary junctions 
(n=2). Combined, these priority locations made up 23 of our sampling sites.  
 For the remaining 27 sites, we distributed sampling sites using a stratified random sampling 
approach spanning two variables that have previously been shown to influence stream intermittency: 
topographic wetness index (TWI) and drainage area (Warix et al., 2021). TWI is a unitless physiographic 
variable that integrates drainage area and local slope, and locations with higher TWI values are locations 
that may be wetter due to the accumulation of water from upslope areas. To distribute the points 
randomly, we first discretized the stream network into equally spaced points at 2 m resolution, which 
matches the resolution of the DEM used to create the stream network map. We then binned these 
points into 10 bins that had approximately equal width at the lower end of the drainage area 
distribution, where points were more densely concentrated, and approximately the same number of 
total stream points at the higher end of the drainage area distribution, where points were less densely 
concentrated (Figure S1).  

To obtain 50 total sampling points spanning a range of TWI and drainage area conditions, we 
attempted to place 5 sampling sites within each drainage area bin that spanned the range of TWI values 
within that bin. To accomplish this, for each drainage area bin we split the range of TWI into 5 quantiles, 
which we refer to here as bin-quantiles. We identified how many priority locations were already within 
each bin-quantile and randomly selected a point on the stream network within each bin-quantile, 
ensuring that it was > 100 m from any existing sampling site. If the priority sites included multiple 
sampling sites within a given bin-quantile, we could not place a sampling site in each of the bin-
quantiles, in which case we randomly selected bin-quantiles to reach a total of 5 sampling sites within 
that drainage area bin. There were 6 bin-quantiles that we were unable to select sampling sites because 
all points within that bin-quantil were within 100 m of an existing sampling site. These remaining 6 
sampling sites were placed by manually inspecting the stream network and identifying substantial gaps. 
We then made slight adjustments to some of the sampling sites that were randomly located, for 
example moving the location from downstream to upstream of a road crossing and/or further back from 
a tributary junction. 

The final distribution of the 50 sampling sites with respect to drainage area and TWI is shown in 
Figure S2 and Figure S3. Figure 1 shows the spatial distribution of the sampling sites within the stream 
network. 
 



 
Figure S1. Distribution of drainage area and TWI for all stream network points at the site. The red 
vertical lines indicate the 10 drainage area groups used to randomly distribute points, and each bin was 
divided into 5 quantiles based on the TWI distribution. 
 

 
Figure S2. Distribution of drainage area and TWI for sampling sites (blue) and all stream network points 
(black) at the site.  
 



 
Figure S3. Empirical cumulative distribution functions (ECDFs) of drainage area and TWI for all stream 
points (black) and sampling sites (blue) for the site.  
 
SI1.2 Random forest to predict δ18O compositions 

We developed a random forest model to predict stream δ18O ratios and to quantify the factors 
that most strongly influence δ18O during the summer dry-down of the South Fork of Kings Creek (i.e., the 
synoptic samples only) using the party package in R (Hothorn et al., 2006; Strobl et al., 2007; Strobl et 
al., 2008). Random forest models are particularly well-suited for hydrological prediction due to their 
ability to handle numerous predictors with potentially nonlinear and interacting relationships, relatively 
low risk of overfitting, and ease in interpreting the importance of each input variable (Eng et al., 2017; 
Addor et al., 2018; Miller et al., 2018). We developed a random forest model to predict  δ18O across all 
sites and sampling dates using the following predictor variables: day of year (i.e., date of sampling 
event), flow state (i.e., whether flowing or pooled), water temperature, topographic wetness index, 
contributing area, burn frequency, elevation, and slope. We then extracted the conditional permutation 
importance for each predictor variable (Strobl et al., 2008), which accounts for collinearity among other 
predictors. A higher conditional variable importance indicates that the predictor variable has a greater 
influence on model predictors for the out-of-bag samples used in model training. Lastly, we calculated 
the root mean squared error (RMSE) between the predicted δ18O and the observed δ18O to assess model 
performance. We found that day of year, flow state, and water temperature were the most influential 
predictor variables (Figure S6). This further supports our findings that evaporation and a decrease in 
surface water connectivity are the primary factors influencing stream δ18O compositions (see Figure 5 in 
the main text).  
 
 
 
 
 
 
 
 



 
 
 
SI2. Additional Results: 

 
Figure S4. Spatial variation in δ18O during the summer dry-down period. The estimated elevations at 
which limestone units outcrop the watershed are shown as yellow bands. These elevations are based on 
the average member thickness in the drilling log records at the Konza Prairie.  
 

 
Figure S5. Stream δ18O and  δ2H in the South Fork of Kings Creek. Shown are the meteoric water line 
(MWL) and the evaporation line (EL).  
 



 
Figure S6. Random forest model to predict δ18O in the South Fork of Kings Creek. Shown are (a) 
predictor factors ordered according to decreasing conditional permutation importance and (b) model fit. 
 
 

 
Figure S7. Sinusoidal amount-weighted model fits for δ18OP(t) and δ18OQ(t) (Eq. 1 and 2).  
 



 
Figure S8. Uncertainty in the FYW assessed 10,000 times (Eq. 3) by generating random errors in the 
original precipitation and streamwater isotope data and fitting the disturbed data to sinusoidal models 
for δ18OP(t) and δ18OQ(t) (Eq. 1 and 2), respectively (similar to Lutz et al., 2016). The original data were 
disturbed using a normal distribution of the random errors with a standard deviation equal to 5% of the 
range of observed δ18O values. 
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