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Abstract: 11 

Solute concentration time series reflect hydrological and biological drivers through various 12 

frequencies, phases and amplitudes of change. Untangling these signals facilitates the 13 

understanding of dynamic ecosystem conditions and transient water quality issues. A case in 14 

point is the inference of biogeochemical processes from diel solute concentration variations. This 15 

analysis requires approaches capable of isolating subtle diel signals from background variability 16 

at other scales. Conventional timeseries analyses typically assume stationary or deterministic 17 

background variability; however, most rivers do not respect such niceties. We developed a time-18 

series filtering method that uses Empirical Mode Decomposition to decompose a measured 19 

solute concentration time series into Intrinsic Mode Frequencies. Based on externally supplied 20 

mechanistic knowledge, we then filter these modes by periodicity, phase, and coherence with 21 

neighboring days. This method is tested on three synthetic series that incorporate environmental 22 

variability and sensor noise, and on a year of 15-min sampled concentration time series from 23 

three hydrologically and ecologically distinct rivers in the eastern United States. The proposed 24 

method successfully isolated signals in the measured data sets that corresponded with variability 25 

in gross primary productivity. The strength the diel signal isolated through this method was 26 

smaller compared to the true signal in the synthetic series, however uncertainty analysis showed 27 

that the process-model based estimates derived from these signals were similar to other inference 28 

methods. This signal decomposition method retains information that can be used for further 29 

process modeling, while making different assumptions about the data than Fourier and Wavelet 30 

analysis.  31 
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Synopsis: 35 

This work presents a new approach of empirically decomposing and filtering environmental 36 

timeseries based on prior ecological and hydrological process knowledge. 37 

Abstract Art: 38 

 40 

Introduction: 41 

Linking modes of variability in solute concentration time series to different drivers (e.g. 42 

hydrological, biological) is a necessary step towards bridging water quality and ecosystem 43 

condition. The different time scales of solute concentration variability, the phases and 44 

amplitudes, and the correlations between time-series of multiple solutes, reflect the influence of 45 

specific physical and biological processes. Seasonal patterns in solute concentration have been 46 

studied extensively1-3, and are usually of large enough amplitude to be distinguished from 47 

‘background variability’. Shorter timescales of variability, such as biological signals of Gross 48 

Primary Productivity (GPP) on a diel scale, can be more subtle. This is particularly true when 49 



 

combined with sporadic hydrologic events, anthropogenic inputs, and other processes that 50 

introduce fine-scale variability. 51 

With the identification and interpretation of diel patterns, scientists can now ask many new 52 

questions about daily and sub-daily processes4. Diel patterns in solute concentrations exist across 53 

constituents5, 6, and across systems, reflecting different ecological and biogeochemical 54 

processes7. It is now possible to measure processes such as daily GPP and ecosystem 55 

respiration8-10, nitrification/denitrification11, and autotrophic nutrient uptake12, 13 by analyzing 56 

chemical patterns from in-situ high-frequency data. For example, autotrophic nitrate uptake has 57 

been found to occur primarily during daylight hours, resulting in predictable and repeating 58 

concentration maxima at night and minima near midday with amplitudes that can be related to 59 

GPP14, 15. The analysis of timeseries to study these ecosystem processes relies on the ability to 60 

distinguish diel signals from background ‘noise’ and is typically only possible in places or times 61 

with locally stationary background conditions (i.e., constant over the period of interest). 62 

Unfortunately, rivers are rarely characterized by local stationarity. The diel patterns of some 63 

solutes, especially gases, have large amplitudes and can be detected from background noise 64 

using conventional methods (e.g. Fourier spectral analysis). However, diel patterns in dissolved 65 

ions such as nitrate can be difficult to detect above ‘background variability’ for multiple 66 

reasons16. First, changes in watershed sources or flow paths may introduce mass-fluxes of 67 

dissolved constituents that overwhelm signals of instream ecosystem metabolism17, 18. Second, 68 

because biological activity fluctuates over both diel and seasonal timescales, the amplitude of 69 

diel fluctuations is often much greater in the summer than in the winter7. Third, the ‘biological 70 

footprint’ (or the contributing streambed area) of signals from dissolved ions is much larger than 71 



 

for dissolved gases, and so ‘legacy effects’ (or system memory) can create lags that disguise the 72 

targeted signals16. 73 

Methods that detect subtle patterns against background variability have the potential to advance 74 

process-based modeling approaches, such as those referenced above, to systems with significant 75 

amounts of background variability. Because methods such as Fourier transforms or Wavelets 76 

assume stationary background conditions and compare signals to a pre-determined period 77 

waveform (such as a sine wave), they may miss modes of variability associated with nonlinear 78 

interactions between biological systems and their environment. Such interactions tend to transfer 79 

variability across time scales. Desirable alternative methods, the focus of the work here, should 80 

be (i) able to identify the many time scales where signal variance is concentrated, (ii) robust to 81 

trends in the data, (iii) flexible to handle ‘gap-infected’ records typical of measured time series, 82 

and (iv) capable of accommodating existing ecological knowledge about the timing and 83 

amplitudes of concentration changes due to environmental processes under study. 84 

The goal here is to demonstrate an empirically based signal decomposition method that detects 85 

and isolates a signal that is informative about an environmental process. As a case study, we 86 

examine diel nitrate signals that originate from instream photoautotrophic process. We 87 

demonstrate that Empirical Mode Decomposition (EMD) can successfully parse signals while 88 

maintaining information about the frequency, amplitude, phase, and timing of a signal. We 89 

develop a new approach of analyzing EMD results by applying a set of ecologically-based filters. 90 

These filters isolate the diel signal that is likely attributable to instream autotrophic processes. 91 

The resulting signal is quantitative in nature and can be directly used for mass-balance process-92 

based modelling. EMD makes different assumptions about the data from Fourier or wavelets, 93 

and we present a comparison with these established methods. Lastly, we compare the 94 



 

decomposed nitrate signal and accompanying model estimates of photoautotrophic nitrate uptake 95 

to GPP, as GPP provides an alternative independent estimate of instream photoautotrophic 96 

activity.  97 

Methods: 98 

Synthetic Time Series 99 

We created three synthetic time series to assess the robustness of the proposed method in 100 

detecting diel variability superimposed on background variability (Figure S1). The three series 101 

were 1) a year-long sinusoidal curve of amplitude 1 mg l-1 NO3-N superimposed on a diel 102 

sinusoidal curve of amplitude 0.1 mg l-1 NO3-N  (“S&D Sin”, representing seasonal and diel 103 

biologically-based variability); Figure S1a), 2) the same wave with an additional tidal (period 104 

12.42 hr) sinewave of amplitude 0.1 mg l-1 NO3-N  (“S,D&T Sin”, representing seasonal and diel 105 

biologically-based variability with tidal shifts in water sources that vary in concentration; Figure 106 

S1b), and 3) a seasonal sinewave with a daily pulse and exponential decay function with a daily 107 

total variation of ~0.2 mg l-1 NO3-N instead of a sinusoidal daily function (“Pulse-Decay”, 108 

representing seasonal concentration patterns and daily pulses of nutrient uptake or release; Figure 109 

S1c). These timeseries were populated at hourly intervals commensurate with sampling 110 

frequencies used in monitoring NO3-N.  111 

To these basic synthetic time series, we first added variability due to environmental processes by 112 

including signal decay (a loss of concentration with a timescale of transformation of one month 113 

that may reflect any variety of biological and hydrological mechanisms) and a random 114 

concentration walk or “brown noise” of amplitude 0.1 mg l-1 NO3-N on top of the clean signals. 115 

Second, we added variability attributable to the collection of data. This addition included a 116 



 

superposition of ‘white’ noise on the data to match the random error of a Submersible Ultraviolet 117 

Nitrate Analyzer (SUNA) version 2 (Sea-bird scientific). Infection with gaps of duration and 118 

number commensurate with the measured time series, totaling 105 days, was also conducted to 119 

represent durations of sensor malfunction or downtime. A mathematical description of the 120 

proposed model is provided in Supporting Information: Appendix S1.  121 

Measured Concentration Time Series 122 

In addition to the synthetic series, we evaluated three one-year-long nitrate concentration time 123 

series from rivers with different temporal solute patterns using the proposed methods (Figure 124 

S2). The first series is comprised of data collected in calendar year 2010 from the Ichetucknee 125 

river in Florida, USA using an In Situ Ultraviolet Sensor (ISUS) version 3 (Satlantic). This river 126 

has relatively high GPP and prominent and reliable nitrate concentration swings15 (Figure S2aii).  127 

The second time series was collected by the U.S. Geological Survey (USGS) from the Potomac 128 

river in Maryland, USA in calendar year 2015 (USGS gauge 01646500) using a SUNA v2. This 129 

river has observable diel swings in summer months, but the amplitude is highly variable 130 

throughout the year19 (Figure S2bii). The third is the Connecticut river measured by the USGS 131 

(gauge 01193050) in Connecticut, USA during calendar year 2014 using a SUNA v2. This river 132 

has intermittent observable diel nitrate swings, mostly in the summer months and has significant 133 

tidal influence on both water level and nitrate concentrations, with frequent resulting flow 134 

reversals and occasional double peaked nitrate traces anti-phase to discharge (Figure S2cii). Data 135 

were all collected at 15-minute intervals, and gaps on average covered 29% of the series, with 136 

79% of gaps being less than 4 days long.  137 

Empirical Mode Decomposition 138 



 

Empirical Mode Decomposition (EMD) decomposes any time series into contributing 139 

frequencies20. Unlike transformation methods where a mathematically defined kernel is a priori 140 

required to convert time to frequency such as Fourier or Wavelet, this method is entirely 141 

empirical. It relies on successive filtering of data by creating envelopes around successive peaks 142 

and valleys and calculating and subtracting the means of these envelopes as successive modes20-143 

22. Hence, the resulting intrinsic mode frequencies (IMFs) do not need to have any particular 144 

shape in contrast to Fourier (sinusoidal shape) or wavelet (prescribed by an analyzing wavelet 145 

function) decomposition. The method is robust to non-linearity and non-stationarity in a time 146 

series (i.e. the data are not a linear combination of sine waves and are not centered around one 147 

constant mean value through the entire record).  148 

We used a modified method of EMD, Ensemble Empirical Mode Decomposition (EEMD), to 149 

analyze all measured and synthetic time series23. The ensemble approach improves the integrity 150 

of the IMFs by perturbing the signal slightly with white noise and averaging the results over the 151 

number of trials. This practice reduces an issue called ‘mode mixing’, where oscillations of 152 

similar frequencies are distributed across IMFs23. In smaller ensembles, some amount of mode 153 

mixing may still occur, but our subsequent filtering (see below) allowed us to recombine the diel 154 

variability from multiple modes. We used the hht package in R23 to compute the EEMD using 155 

200 trials and adding white noise amplitude of 0.1 mg l-1 NO3-N to the signal.  156 

We recombined IMFs derived from EEMD by filtering them based on prior knowledge of the 157 

phase, period, and autocorrelation of biologically produced diel signals (Figure 1). We isolated 158 

all full oscillations (peak to peak) that a) had periods of 22-26 hours (this filter assumes diel 159 

patterns that are driven by the solar cycle), and b) had maximum concentration occurring 160 

between 00:00 and 08:00 (this filter assumes autotrophic nutrient uptake and river concentration 161 



 

depletion during the day15, 24, 25) from each IMF, and then combined the resulting signals together 162 

to produce a “diel IMF”. This “diel IMF” was then filtered for outliers using a neighborhood 163 

approach in which the range of concentrations over 24 hours were compared with ranges of the 164 

immediate neighbors, and days that appeared to be significant outliers (i.e. differences between 165 

that day’s diel range and the ones immediately preceding and following were both within the top 166 

decile of day-to-day differences) were excluded. This filter reflected limited variation in GPP 167 

from day to day when compared with sporadic and large concentration changes due to hydrology 168 

or changes in sourcing. The structure of the data was examined at each successive filter step to 169 

determine the effect of each filter. 170 

Our approach differs from conventional ways of analyzing IMFs. IMFs are typically analyzed by 171 

comparing the total energy of the IMF to the expected total energy of the mode in a white noise 172 

null model20, 26. That approach is not applicable to systems with significant memory, and it also 173 

ignores information about the time-locality of the signal, which can carry important ecological 174 

information. White noise is not an appropriate null model for significance testing in time series 175 

of variables in lotic systems because of the long memory resulting from slowly decaying or long-176 

range autocorrelation27. As noted earlier, brown noise would be a more appropriate null model (a 177 

rationale is provided in Supporting Information: Appendix S1). Additionally, the biological 178 

signature at the diel timescales is expected to be intermittent, and thus the significance (or lack 179 

there-of) of a year-long IMF may be irrelevant to whether diel oscillations on a specific day 180 

contains useful information. We therefore consider the timing of signal appearance within modes 181 

instead of the total energy (or contribution to the variance) of each mode. 182 

Comparison of EEMD Method with Traditional Timeseries Analysis Tools 183 



 

To illustrate the utility of the EMD method in association with traditional timeseries analyses, we 184 

performed both Fast Fourier Transformations and Continuous Wavelet Transformations of the 185 

synthetic and measured timeseries. Analyses were performed in R using base functions and 186 

functions from the pracma and WaveletComp packages. More details are available in Supporting 187 

Information: Appendix S2. 188 

Comparison of Diel Amplitudes to Predicted Biological Uptake 189 

We compared the photoautotrophic nitrate uptake estimated from the amplitudes of the filtered 190 

“diel IMFs” to the photoautotrophic nitrate uptake predicted by concurrent estimates of GPP. We 191 

estimated GPP for all 3 rivers. Differences in physical size and hydrologic structure required 192 

different approaches between rivers. Photoautotrophic nitrate uptake from both the nitrate series 193 

and from GPP were calculated according to methods described elsewhere15, 28 and in Supporting 194 

Information: Appendix S3. Mass uptake estimates from the N method were converted to areal 195 

estimates using the concentration footprint of the N diel signal. The concentration footprint of 196 

the Ichetucknee has been measured, however the exact footprints for the Potomac and 197 

Connecticut are unknown. Estimates of the concentration footprint were independently 198 

determined using a simplified analytical solution of a one-dimensional advection-dispersion 199 

equation. These calculations determine the longitudinal distance a concentration pulse travels (by 200 

advection and dispersion) at a given bulk velocity and water depth16, 29. The areal footprint at the 201 

gauges were then determined as the product of the river width and the longitudinal distance. 202 

More details are available in Supporting Information: Appendix S4. 203 

All data and code files are made available in DataS1.zip, with metadata available in Supporting 204 

Information: MetadataS1. All code was run through R version 4.0.2. 205 



 

Results: 206 

EEMD of the clean synthetic signals identified diel signals on 362, 362 and 361 days for the 207 

S&D Sin, S,D&T Sin and Pulse-Decay series respectively. The 24-hour amplitudes in the diel 208 

IMF were on average 96% of the 24-hour amplitudes in the original timeseries for the S&D Sin 209 

series, 94% in the S,D&T Sin series and 73% in the Pulse-Decay series. The rate of detection and 210 

amount of 24-hour amplitude retained decreased with the introduction of environmental 211 

variability. Diel signals after introducing environmental variability were identified on 146, 183, 212 

and 112 days for the three series. The amplitude retention (i.e. the magnitude of diel change 213 

detected over the magnitude of the diel signal added) dropped to on average 41%, 54% and 31%. 214 

A blank series with only environmental variability identified diel signals on 44 days after 215 

filtering for period and the phase expected in the S&D Sin series. Adding error in detection 216 

(including gaps) further decreased detection of diel patterns to 103, 125 and 65 days. The 217 

amplitude retention after including error in detection changed to on average 43%, 55% and 27%. 218 

A blank series with only environmental and sensor variability identified diel patterns on 31 days. 219 

The false positive rate for identifying diel signals when there was none was therefore 12% - 14% 220 

and the false negative rate for not identifying diel signals that exist ranged from 50% - 70% 221 

depending on series.  222 

EEMD of the Ichetucknee revealed strong diel signals in the 7th and 8th IMF (Video S1). The diel 223 

signal after filtering based on period alone suggested diel oscillations on 184 days (99% of the 224 

covered days) and maintained 65% of the original total daily range on average. The daily range 225 

in the measured series includes the diel amplitude as well as unknown amounts of variability at 226 

other timescales, whereas in the synthetic signals the diel amplitude was known exactly. 227 

Including a filter based on phase decreased the number of days detected to 178 days (96% of 228 



 

covered days), and the maintained range dropped to 63% on average. The neighborhood filter did 229 

not alter the number of days detected or the maintained percent of daily range. 82% of days in 230 

the spring had diel amplitudes detected, compared with 93% in the winter, 100% in the fall and 231 

100% in the summer (Figure 2a). Amplitudes were highest in Summer, followed by Spring, and 232 

were lowest in Winter.    233 

EEMD of the Potomac found 24-hour periodicity primarily in the 7th and 8th IMFs (Video S2). 234 

Filtering based on period alone suggested diel frequencies on 161 days (58% of covered days), 235 

and the diel frequencies composed a mean 18% of the total daily variation. Including phase 236 

information in the filter suggested 24-hour periodicity on 98 days (35% of the coverage), and 237 

these diel modes composed a mean 12% of total daily variation. The neighborhood filter reduced 238 

the number of days with diel periodicity to 95 (34% of the series) and the percent total daily 239 

variation to 11%. Diel periodicity was identified on 39% of summer days, 35% of spring days, 240 

31% of winter days and 29% of fall days (Figure 2b). Amplitudes were highest in Spring, 241 

followed by Summer, and were lowest in Fall.    242 

EEMD of the Connecticut River yielded 24-hour periods primarily in the 7th and 8th IMFs (Video 243 

S3). Filtering based on period alone suggested diel frequencies on 141 days (48% of covered 244 

days), and the diel frequencies composed a mean 13% of the total daily variation. Including 245 

phase information in the filter suggested 24-hour periodicity on 86 days (30% of the coverage), 246 

and these diel modes composed a mean 8% of total daily variation. The neighborhood filter 247 

reduced the number of days with diel periodicity to 81 (28% of the series) and the mean daily 248 

variation accounted for by the diel periodicity dropped to 7%. Diel periodicity was identified on 249 

43% of summer days, 20% of spring days, 24% of winter days and 20% of fall days (Figure 2c). 250 

Amplitudes were highest in Summer, followed by Spring, and were lowest in Winter.    251 



 

Estimated photoautotrophic nitrate uptake values based on diel NO3
- swings isolated by EEMD 252 

were correlated to estimates based on GPP in the Ichetucknee and the Connecticut Rivers (Figure 253 

3a,b). Removal of three outliers in the Potomac that occurred on days with large hydrologic 254 

changes produced a correlation between the two estimates of photoautotrophic nitrate uptake in 255 

this river as well (Figure 3c,d). On days when signal was isolated, these correlations showed R2 256 

= 0.52, 0.27, and 0.26 and a slope of 0.70 ± 0.06 (1 standard error), 0.80 ± 0.19, and 0.48 ± 0.11 257 

for the Ichetucknee, Connecticut and Potomac respectively. Including days when diel signal was 258 

not isolated, and thus EMD based photoautotrophic nitrate uptake estimates were 0 even though 259 

GPP had been estimated, showed R2 = 0.34, 0.20, and 0.17 and a slope of 0.62 ± 0.07, 0.66 ± 260 

0.09, and 0.36 ± 0.09 for the Ichetucknee, Connecticut and Potomac respectively. Wilcoxon 261 

Rank Sum tests of GPP in each river indicated that GPP was the same in the Ichetucknee 262 

between days when diel signals were isolated and days when they were not (p = 0.544), while 263 

GPP values in the Connecticut and Potomac were statistically significantly higher on days when 264 

signal was isolated by EMD than days when it was not (p = 0.0002 and p = 0.001 respectively).  265 

Fourier analysis of the synthetic and measured timeseries was generally successful at identifying 266 

diel frequencies. Significant harmonics were introduced by FFT in the pulse-decay synthetic 267 

series and the Ichetucknee river (Appendix S2, Figure S3, Figure S4). The extracted amplitude of 268 

the diel frequencies were estimated as 0.102 mg/l for the clean S&D Sin and S,D&T Sin signals, 269 

0.074 mg/l for the clean Pulse-Decay signal, 0.067 mg/l for the S&D Sin and S,D&T Sin with 270 

environmental variability and observational gaps, 0.047 mg/l for the Pulse-Decay signal with 271 

environmental variability and gaps, 0.012 mg/l for the Ichetucknee (on average 45% of total 272 

variability), 0.001 mg/l for the Connecticut and 0.004 mg/l for the Potomac. Wavelet analysis 273 

similarly identified diel frequencies, however this analysis suffered from introduced harmonics, 274 



 

and difficulty clearly identifying diel frequencies (Appendix S2, Figure S5, Figure S6). The 275 

wavelet analysis was unable to resolve the phase of the diel signal. 276 

Discussion: 277 

We used an adapted EEMD approach on time series possessing multiple time scales of 278 

variability to investigate rates of photoautotrophic nitrate uptake. We found that for the three 279 

rivers tested, our predicted rates of photoautotrophic nitrate uptake were correlated with 280 

independent estimates of update derived from GPP, and the amplitudes of the diel nitrate signal 281 

showed expected seasonal patterns. In the Ichetucknee, the derived amplitudes of diel variation 282 

predicted photoautotrophic nitrate uptake rates that were correlated to independent areal uptake 283 

estimates predicted by GPP with a slope of 0.70 ± 0.06. This is lower than the 1:1 relation found 284 

in earlier work15. The two photoautotrophic nitrate uptake methods produce similar estimates 285 

(within the 95% CI or 2 standard error) for 150/167 days in the Ichetucknee, 145/365 days in the 286 

Connecticut, and 305/365 days in the Potomac (Supporting Information: Figure S7). The error 287 

associated with the GPP method is due to uncertainty in GPP, C:N ratios, and autotrophic 288 

respiratory quotient. Error associated with our method arises from uncertainty around the 289 

concentration footprint and was similar in magnitude to the error in GPP for the Potomac and 290 

Connecticut and much smaller in the spring-fed Ichetucknee where the footprint was directly 291 

measured. The slope of the correlation between the two photoautotrophic nitrate uptake 292 

measurements was less than 1 for all rivers, indicating that our proposed method underestimates 293 

the photoautotrophic nitrate uptake at higher values compared with the GPP method. This is 294 

consistent with the low recovery of signal amplitude in the decomposition of the synthetic series. 295 

Though our areal estimates of photoautotrophic nitrate uptake in the Connecticut were generally 296 



 

higher from our method than from the GPP method, this may be attributable to the estimation of 297 

metabolic footprint rather than the strength of the isolated diel signal. 298 

The proposed method has a 12% false positive rate for diel patterns in a complex data series and 299 

a 39-75% false negative rate according to the analysis of the synthetic timeseries. The false 300 

negative rate can be attributed primarily to environmental variability, as gaps in the data only 301 

marginally decreased the diel pattern detection in the synthetic series. All three rivers had a 302 

significant number of days with zero detected diel pattern despite having non-zero GPP 303 

estimates. Diel patterns potentially were present but could not be isolated due to the complexity 304 

of the signal. Diel patterns have been found experimentally to become decoupled from GPP and 305 

disappear under conditions of nutrient limitation30. This may occur at times, though there is no 306 

obvious relation of zero signal days with nitrate concentration. Thus, though the EEMD method 307 

successfully isolated diel signals from background variability, it likely missed some of the days 308 

with photoautotrophic nitrate uptake in these river reaches. 309 

Environmental Implications: 310 

Measured concentration changes in time can be used to infer processes by mass balance analysis 311 

requiring delineation of sources, sinks and fluxes operating at differing time scales. Separating 312 

scales of variability requires either planning or controlling by the researcher during the collection 313 

of data, or subjective decisions during post processing31 about how to remove variability at other 314 

scales. The EEMD based method presented in this manuscript is a less subjective way to isolate 315 

variability at one scale (‘signal’) from variability at others (‘noise’). It provides an empirical 316 

complement to mathematically-based time-series analysis methods such as Fourier and Wavelet. 317 

The fact that the EEMD method does not search for a specified period or wave form (it is 318 



 

flexible to the empirical form of the data) may help preserve energy and produce fewer 319 

mathematical artifacts. Both Fourier and Wavelets may produce harmonic peaks when signals 320 

have unexpected wave forms (e.g. the Pulse-Decay form in Figures S1c, S3g, S5g). This will 321 

distribute spectral energy across multiple timescales, diluting the true signal. This was noted in 322 

our Fourier analysis as the Pulse-Decay form recovered only 74% of the diel, while inferring 323 

similar amplitudes of signals with 12-hour periodicity amplitude. EEMD’s flexibility in period 324 

also serves to concentrate energy, as energy is only distributed across ~ 10 IMFs rather than 325 

>1000 frequencies in Fourier or Wavelet. This may contribute to the higher retention of diel 326 

variability in the diel signal of the Ichetucknee through the EEMD method (65% retention) than 327 

through Fourier (45% retention). Additionally, as Fourier kernels are non-local, they may be 328 

more impacted by gaps in the data than EEMD, and predicted amplitude of series with gaps will 329 

be lower as a result. 330 

An additional benefit of an empirical option for timeseries analysis is that researchers may be 331 

more aware of the assumptions they make about their data. With the proliferation of easy-to-use 332 

packages and functions in multiple programming languages for Fourier and Wavelet, it is 333 

tempting to accept default values without understanding the underlying mathematical 334 

transformations of the data. Using an empirical technique in tandem with mathematical 335 

techniques may provide external verification of the appropriateness of various methods for the 336 

data in question. For example, if results from EEMD analysis differ significantly from Wavelet 337 

analyses, this would indicate that mathematical assumptions of the Wavelet transformation are 338 

being violated. As with all empirical decomposition methods, the outcomes of the proposed 339 

EEMD method are sensitive to the quality of the data, the particular events being interrogated by 340 

the measurements, and the sampling frequency and duration.  341 



 

EEMD has advantages over Wavelets and Fourier in some circumstances but may not be the 342 

most appropriate technique for all time-series questions. EEMD preserved the phase of diel 343 

changes with precision that neither Fourier or Wavelet was able to. Fourier did not retain this 344 

information because it averages across a whole timeseries (Figures S3, S4), and Wavelet did not 345 

retain this information because fitting the wavelet coefficients creates ‘smearing’ over time and 346 

frequency (e.g. the wide band around 24 hour periodicity seen in Figures S5 and S6). In our case 347 

study, the phase of the diel signal is indicative of a certain biological process and needed to be 348 

retained. Other biological transformations of nitrate have also been shown to have diel 349 

periodicity11, 32, 33, but the phase of the signal differs, providing a way to differentiate between 350 

these diel drivers. EEMD was not able to capture frequencies with the precision of Fourier, and it 351 

also required much more computational power than Wavelets, which in turn require much more 352 

than Fourier. For simply detecting frequencies, Fourier transform may be preferable, whereas 353 

methods such as EEMD may be preferable when additional properties of oscillations are needed 354 

for further process models.  355 

Our proposed method will have the greatest utility in combination with process-based modeling 356 

through allowing the use of these models in systems with significant amounts of background 357 

variability. Signal decomposition and process-based filtering could be coupled to process models 358 

such as those for evapotranspiration34, 35 that use timeseries of water volume (or mass or vertical 359 

level), models of metabolic processes and carbon cycling36-38 that use Eddy-covariance flux 360 

measurements, or aquatic metabolism models from diel oxygen curves9. Signal decomposition 361 

and filtering would extend modelling capabilities into times with non-stationary hydrologic or 362 

weather conditions. Statistical models are currently used to account for background variability9, 363 

and our empirical filtering method complements these approaches. EEMD-based signal 364 



 

decomposition and filtering can be useful to applications far removed from the diel nitrate 365 

example we present, and we look forward to seeing how this, and other signal decomposition 366 

methods, may be used in the future. 367 
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 473 

Figure 1: A demonstration of the proposed filtering method for a month of data in the 475 

Connecticut River. Only IMFs 6-9 are shown. Figures describing the EMD approach can be 476 

found elsewhere22. Column a) The IMFs that result from EMD. Column b) The IMFs after 477 

filtering based on 24-hour periodicity. Column c) The IMFs after filtering for periodicity and 478 

phase (maxima occurring 00:00 – 08:00). d) The resulting diel IMF is the summation of all the 479 

diel IMFs. After the summation, an additional filter checks for neighborhood outliers. None 480 

occurred in this segment of the data. 481 
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Figure 2: The nitrate timeseries (black) and resulting diel IMFs after filtering based on period, 484 

phase, and neighborhood (blue) from the a) Ichetucknee, b) Potomac, and c) Connecticut rivers. 485 
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which signal was extracted from the timeseries are shown. Results without excluding these days 497 

are reported in the text. 498 
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Video Captions: 529 

Video S1: A demonstration of the IMFs derived from the Ichetucknee year-long timeseries 530 

through EEMD. The timeseries is shown in black, data gaps are highlighted in grey, and 531 

successive IMFs are displayed overlain on each other in blue, beginning from the highest 532 

frequency IMF and ending with the overall trend in the data. 533 

Video S2: A demonstration of the IMFs derived from the Potomac year-long timeseries through 534 

EEMD. The timeseries is shown in black, data gaps are highlighted in grey, and successive IMFs 535 

are displayed overlain on each other in blue, beginning from the highest frequency IMF and 536 

ending with the overall trend in the data. 537 

Video S3: A demonstration of the IMFs derived from the Connecticut year-long timeseries 538 

through EEMD. The timeseries is shown in black, data gaps are highlighted in grey, and 539 

successive IMFs are displayed overlain on each other in blue, beginning from the highest 540 

frequency IMF and ending with the overall trend in the data. 541 

 542 
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Appendix S1: A model for the background variability - White versus colored noise  544 

To illustrate why the background concentration time series may follow a Lorentzian spectrum 545 

(‘brown noise’ instead of ‘white noise’), the following argument and simplified model is offered. 546 

If the concentration dynamics underlying the chemical constituent C are given by a simplified 547 

balance 548 

𝑑𝑑𝑑𝑑
𝑑𝑑𝑑𝑑

= −𝜏𝜏 𝑑𝑑 + 𝐼𝐼𝑐𝑐(𝑑𝑑), 549 

where 𝜏𝜏 is the inverse reaction or transformation time scale, and 𝐼𝐼𝑐𝑐(𝑑𝑑) is a time series of sources 550 

or sinks of C (due to stochastic hydrological additions or biological activities or both), then it can 551 

be shown that the Fourier power spectrum of C, defined as 𝐸𝐸𝑐𝑐(𝑓𝑓), is given as 552 

𝐸𝐸𝑐𝑐(𝑓𝑓) =
𝐸𝐸𝐼𝐼(𝑓𝑓)
𝜏𝜏2 + 𝑓𝑓2

, 553 

where 𝐸𝐸𝐼𝐼(𝑓𝑓) is the Fourier spectrum of the sources and sinks 𝐼𝐼𝑐𝑐(𝑑𝑑), and 𝑓𝑓 is the frequency (i.e. 554 

inverse timescale)1.  In this reduced dynamical system featuring a balance between changes in 555 

storage (dC/dt), a first-order reaction or transformation loss (−𝜏𝜏 𝑑𝑑), and time-dependent sources 556 

and sinks 𝐼𝐼𝑐𝑐(𝑑𝑑) for C, diel patterns can arise when 𝐸𝐸𝐼𝐼(𝑓𝑓) itself exhibits diurnal variations (e.g., 557 

due to photochemical activities driven by variability in incident shortwave radiation with 558 

stochasticity originating from clouds and water level/turbidity changes). At high frequencies 559 

(𝑓𝑓/𝜏𝜏>>1) and for an 𝐼𝐼𝑐𝑐(𝑑𝑑) exhibiting uncorrelated (white-noise) structure, the simplified model 560 

here predicts 𝐸𝐸𝑐𝑐(𝑓𝑓)~1/𝑓𝑓2 (brown noise)2.  Likewise, at low frequencies (𝑓𝑓/𝜏𝜏<<1), 𝐸𝐸𝑐𝑐(𝑓𝑓) ≈561 

𝜏𝜏−2𝐸𝐸𝐼𝐼(𝑓𝑓) and the concentration spectrum scales as the ‘input’ or 𝐸𝐸𝐼𝐼(𝑓𝑓) spectrum with no 562 

frequency modulations.  White noise structure is characterized by  𝛼𝛼 = 0, where 𝛼𝛼 is the slope of 563 

the power spectrum, meaning that 𝐸𝐸𝐼𝐼(𝑓𝑓) is a constant independent of f. Brown noise structure, 564 



 

often produced by random walks, has 1/𝑓𝑓2 scaling and shows a decreasing slope with frequency 565 

in the power spectra. When 𝐸𝐸𝐼𝐼(𝑓𝑓) maintains white noise properties (𝛼𝛼 = 0) across all 566 

frequencies,  𝐸𝐸𝑐𝑐(𝑓𝑓) reduces to the so-called ‘Lorentzian’ spectrum (flat at low frequency and 567 

1/𝑓𝑓2at higher frequencies).  In the analysis here, 𝐸𝐸𝐼𝐼(𝑓𝑓) is rarely described by ‘white-noise’ and 568 

at short times or high frequencies, it may exhibit its own statistical structure so that 𝐸𝐸𝐼𝐼(𝑓𝑓)~𝑓𝑓−𝛽𝛽.  569 

This noise structure for 𝐸𝐸𝐼𝐼(𝑓𝑓) leads to a concentration spectrum given by  𝐸𝐸𝑐𝑐(𝑓𝑓)~𝑓𝑓−2−𝛽𝛽 for 570 

𝑓𝑓/𝜏𝜏>>1.  That is, concentration spectra here resemble ‘black-noise’ when 𝛽𝛽 > 0.  571 

The goal of the work here is to detect and isolate diel modes superimposed on a concentration 572 

spectrum given as 𝐸𝐸𝑐𝑐(𝑓𝑓)~𝑓𝑓−2−𝛽𝛽.  In summary, the conjecture here is that at 𝑓𝑓/𝜏𝜏>>1 (high 573 

frequency range), 𝐸𝐸𝐼𝐼(𝑓𝑓) can be decomposed into a background ‘noise’ characterized by 574 

𝐸𝐸𝐼𝐼(𝑓𝑓)~𝑓𝑓−𝛽𝛽 (where 𝛽𝛽 ≥ 0) and other deterministic modes of variability (i.e. single spike at a 575 

fixed frequency) due to biological activity.  It is these deterministic modes that we seek to detect 576 

from measured 𝐸𝐸𝑐𝑐(𝑓𝑓) using Empirical Mode Decomposition analysis.   577 

In the Lorentzian synthetic timeseries models we produced, we introduced the diel, seasonal, and 578 

tidal signals as a timeseries of sources and sinks 𝐼𝐼𝑐𝑐(𝑑𝑑). We chose the decay rate 𝜏𝜏 to be one 579 

month so that the diel frequency 𝑓𝑓𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 would be in the realm of 𝑓𝑓/𝜏𝜏>>1 (high frequency range) 580 

where 𝐸𝐸𝐼𝐼(𝑓𝑓)~𝑓𝑓−𝛽𝛽. Choosing a 𝜏𝜏 of this magnitude produces timeseries power spectra similar to 581 

many signals reported in the literature3, 4, and to signals of the measured timeseries in this work 582 

(Appendix S2, Figures S3, S4).  583 

 584 
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Appendix S2: Fast Fourier Transform and Wavelet Transform 586 

Fourier Analysis 587 

Fourier Transform in general and Fast Fourier Transforms (FFT) in particular are common 588 

methods for converting data from the time domain (e.g. a time-series of a water quality 589 

constituent) into the “power” of different frequencies1.  This method can efficiently decompose a 590 

time series into a summation of sinusoidal waves, with each wave representing the ‘energy’ (also 591 

‘activity’, ‘variability’ or ‘variance’) of a frequency in the series ranging from half the sampling  592 

frequency (or the “Nyquist Frequency”) to the inverse of the record duration5. The energy of a 593 

certain frequency is determined by the squared amplitude of the associated wave. Fourier 594 

transforms are energy preserving in that the sum of the squared amplitudes of all frequencies 595 

recovers the energy of the original time series.  Practically for the scientist, the precise definition 596 

of the sampling interval n and the normalization of the series of length N are incorporated 597 

differently in different software packages, necessitating caution when comparing activity across 598 

methods. 599 

One major drawback to Fourier analysis is its inability to sense locality of events in time.  For 600 

example, a time series characterized by a single ‘spike’ in time affects all the amplitudes 601 

describing the Fourier decomposition. All FFT methods assume linearity (i.e. all time-series are a 602 

linear combination of sine waves with different amplitudes, frequencies and periods) and 603 

stationarity (i.e. the median value does not change with time) of the time series.  604 

To illustrate the use of Fast Fourier Transformation (FFT) compared to the method developed in 605 

this manuscript, we performed FFT on the synthetic and measured time series using the base R 606 

`spectrum()` and `fft()` functions. Gaps in the timeseries were filled with a linear spline. We 607 



 

identified peaks in the power spectra using the pracma package in R, then filtering peaks by 608 

comparing them to 1/f2 (𝛼𝛼 = 2)  scaling. The 1/f2 scaling is representative of chemical 609 

constituents in channels with more catchment filtering, usually rivers of higher Strahler stream 610 

orders4.  611 

The resulting power spectra from the spectrum() R function show that the synthetic data sets 612 

initially all had scaling significantly steeper than 1/f or 1/f2, and converged on 1/f2 scaling when 613 

environmental variability was added to the series. The component frequencies for the linear 614 

timeseries were correctly identified (Figure S3a,d), however the non-linear series created by a 615 

pulse and exponential decay signal produced a large number of high harmonics in the power 616 

spectra (Figure S3g). This is consistent with spurious frequencies attributed to windowing and 617 

finite-size effects acting on low frequency trends6. The diel frequency had an energy in the range 618 

of 1.3-4.4 for the synthetic series, with the lower energies associated with the signals that had 619 

observational error (i.e. gaps) introduced, and signals resulting from the pulse-decay function.  620 

The spectrum() function applies various normalization and smoothing functions, such that the 621 

total energy of the transformed signal differs from the total energy of the original timeseries, in 622 

violation of Parseval’s theorem. To estimate the recovery of signal strength through FFT, we 623 

therefore used the fft() R function instead. The amplitudes of the recovered diel signals were 624 

closest to original (0.102 mg/l) for the clean S&D Sin and S,D&T Sin signals. FFT of the clean 625 

Pulse-Decay signal returned signal of amplitude 0.074 mg/l. Introduction of environmental 626 

variability and observational energy reduced the amplitude of the recovered diel signal to 0.067 627 

mg/l for the S&D Sin and S,D&T Sin signals, and to 0.047 mg/l for the Pulse-Decay signal. 628 

The concentration power spectra of the three measured data series using the spectrum() function 629 

showed an approximate 1/f2 scaling, consistent with catchment and hillslope filtering of 630 



 

environmental variability3, 4, 7 (Figure S4). Superimposed on this power-law behavior, the 631 

Ichetucknee showed a strong peak at daily frequencies, as well as a number of harmonics. 632 

Though only the largest of these harmonics was detected with our peak detection algorithm, 4 633 

other higher harmonics can be seen visually. The Connecticut had tidal peaks strong enough to 634 

be detected by our peak detection criteria, a peak at the diel frequency could still be seen visually 635 

but was not strong enough to pass the peak detection criteria. The Potomac had no peaks strong 636 

enough for detection through our algorithm, however a small peak near the diel frequency can be 637 

seen. All three spectra flattened into white noise at frequencies commensurate to 5000/year or 638 

about a 2-hour period commensurate with the Nyquist frequency (defined as twice the sampling 639 

frequency). Diel signal amplitude extracted using the fft() function indicated a diel amplitude of 640 

0.012 mg/l for the Ichetucknee, 0.001 mg/l for the Connecticut, and 0.004 mg/l for the Potomac. 641 

Wavelet Transforms 642 

Wavelet transforms have some ‘time-frequency’ localization capabilities that circumvent the 643 

limitations of Fourier analysis in this regard. Full properties of wavelets are reviewed elsewhere8 644 

and are not repeated here. In wavelet analysis, a kernel of a given shape, amplitude and 645 

frequency is compared to the data at different time steps and the wavelet power of that frequency 646 

at that time is related to the goodness of fit.  Unlike Fourier analysis, the wavelet kernel is not 647 

unique and numerous kernels or basis functions are allowed provided they satisfy a number of 648 

normalizing properties not discussed here. Like FFT, normalization methods differ amongst 649 

software packages, and the shapes of the kernels can impact the results under certain 650 

circumstances (e.g. symmetric versus asymmetric wavelets, degree of localization in frequency 651 

versus time, etc.) though wavelets under certain conditions (especially in detection of power-652 

laws) are insensitive to kernel shape as demonstrated elsewhere9. A review article by Torrence 653 



 

and Compo10 presents a clear explanation of how to use wavelets and how to link frequencies in 654 

Fourier and wavelet analyses depending on choices made about the wavelet basis function. 655 

Wavelet transforms are beneficial in decomposing signals in both space and time, however there 656 

are several circumstances under which empirical methods may be preferred. Tradeoffs exist, 657 

where better locality in one domain (say time) can be achieved if appropriate wavelet analyzing 658 

functions are selected, but this gain comes at a loss of resolution in the other domain (say 659 

frequency) and vice-a-versa. No wavelet transform can be fully accurate in both time and 660 

frequency domains simultaneously. Practically, this can mean a loss of timeseries properties such 661 

as phases of oscillations. Another drawback is redundancy – a time series of length N results in 662 

𝑁𝑁2 wavelet coefficients (N coefficients required for all frequencies at every time instant for 663 

continuous wavelet transforms) – a huge redundancy in information content that is 664 

‘manufactured’ by the transform, not the process under consideration11, 12. This manufacturing of 665 

information can produce bands of energy that are not descriptive of the underlying timeseries. 666 

Orthonormal wavelet transforms may be used to preserve the precise information content of a 667 

series without redundancy, but the arrangements of the wavelet coefficients require a courser 668 

resolution of the frequency-time wavelet half-plane making detection of some patterns more 669 

difficult 13, 14. 670 

To demonstrate the use of wavelets, we used the WaveletComp package in R to compute 671 

continuous wavelets of our synthetic (Figure S5) and measured timeseries (Figure S6). Wavelet 672 

analysis of the synthetic timeseries were constant throughout time, and showed the same 673 

frequencies as the Fourier transform, including the first harmonics from the pulsed decay signal. 674 

The resolution of frequency in the Wavelet analysis is courser than Fourier, with wide bands 675 

appearing around the 24 hr periodicity rather than narrow and discrete horizontal bands (Figure 676 



 

S5). The diel and tidal frequencies became more difficult to identify once environmental 677 

variability was added to the timeseries. The wavelet of the Potomac and Connecticut had very 678 

low power at most frequencies, with short durations (1-5 days) of slight power increases at the 679 

diel (Potomac & Connecticut) and tidal (Connecticut only) frequencies that are difficult to 680 

visually identify. The Ichetucknee showed consistent power at the diel frequency that was 681 

interrupted only by gaps in the data. All wavelet analyses showed significant distortion at the 682 

ends of the timeseries – an artifact of windowing and mathematical assumptions made about the 683 

form of the signal extrapolated past the ends of the measured or simulated timeseries. 684 

  685 



 

Appendix S3: Estimation of N-uptake and Gross Primary Productivity 686 

The N uptake predicted by the diel IMFs were calculated using a procedure described 687 

elsewhere15, where the nighttime peaks of the timeseries were assumed to represent no 688 

autotrophic uptake, and the concentration differences between the diel trace and a linear spline 689 

that connected concentration peaks represented concentration deficits due to autotrophic 690 

biological uptake. We calculated this concentration deficit for each timestep and converted to a 691 

mass deficit though multiplication with the absolute value of simultaneous high-resolution 692 

sampled flowrate. Using the absolute value of discharge was necessary because of flow reversals 693 

in the Connecticut River on 160 of the days in the time series. After converting to mass deficits 694 

at each timestep, we summed the deficits at each timestep to a daily value. The conversion from 695 

concentration to mass allows for a consistent, biologically meaningful, interpretation of values 696 

across flow conditions. The same concentration deficit on a high flow day would indicate more 697 

N-uptake than the same concentration deficit on a low flow day, and by converting to mass 698 

uptake, this difference is more readily apparent. 699 

The GPP estimates for the Potomac and Connecticut rivers were determined earlier using the 700 

StreamMetabolizer R package, which partitions changes in dissolved oxygen to GPP, ecosystem 701 

respiration and air-water gas exchange16, and we accessed them through the StreamPulse data 702 

portal (data.streampulse.org). As the Connecticut River experiences flow reversals, and as these 703 

days were excluded from the published data set, we used the available oxygen data for the 704 

Connecticut River to remodel GPP using the StreamMetabolizer package17. Though flow 705 

reversals result in suboptimal metabolism estimates, given the high number of flow reversal days 706 

and the nature of our study, we decided that an increased number of less precise GPP estimates 707 

was preferable to fewer precise estimates. The GPP estimates derived here closely matched 708 



 

published estimates for overlapping days. As these published estimates represent an ensemble of 709 

model fits, we used the mean and standard deviation of daily values in our calculations. GPP was 710 

estimated for the Ichetucknee using a 2 station approach, with the upstream O2 concentration 711 

treated as a constant arising from the flow-weighted concentrations of the Ichetucknee’s 712 

contributing springs15, and gas evasion estimated from correlations among discharge, velocity, 713 

and gas exchange (as measured from floating domes). 714 

 All GPP estimates were provided as areal mass oxygen production, and were converted to 715 

estimates of N-uptake using a C:O2 molar productivity ratio of 0.52 ± 0.15 for the Potomac and 716 

Connecticut which reflects a distribution of autotrophic respiration quotients18-20, and a C:O2 717 

molar productivity ratio of 0.5 for the Ichetucknee to be consistent with previous work15.  A C:N 718 

biomass molar ratio of 25:115, 21 was used for the Ichetucknee and 16.1 ± 5.46 :122 for the 719 

Potomac and Connecticut. Estimates of autotrophic N-uptake from these two methods were 720 

compared to assess how well the EEMD method isolated the diel signal from complex data 721 

series. These two metrics are nearly identical for previous work on the Ichetucknee River15.  722 

 723 

  724 



 

Appendix S4: Solute footprint estimation 725 

We estimated the areal concentration footprint of a diel nitrate excursion using the width of a 726 

river and a one-dimensional advection-dispersion equation23 rearranged to solve for longitudinal 727 

distance travelled by the excursion24: 728 

𝑥𝑥 =  
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where x is the longitudinal distance travelled by the excursion (in km), u is water velocity (in m 730 

s-1), T is the time duration of the excursion (in s), D is the dispersion rate (in m2 s-1), erfc() is the 731 

complementary error function, 𝑑𝑑𝜏𝜏 is the concentration downstream at location x and time τ (in 732 

mg l-1), and 𝑑𝑑0 is the magnitude of the concentration perturbation (in mg l-1). We calculated this 733 

value for each river assuming a stream with no nitrate gets a 12-hour pulse (T = 43,200 s) of 734 

magnitude equal to the diel nitrate range exhibited by the measured timeseries (𝑑𝑑0 = diel range 735 

on each day). The 𝑑𝑑𝜏𝜏 was defined as 𝑑𝑑0 2� , or complete mixing of the water. We parameterized 736 

𝐷𝐷 =  𝛼𝛼𝑢𝑢∗ℎ where 𝛼𝛼 is specified as a distribution derived from published work25, h is the gage 737 

height (in m) and 𝑢𝑢∗ was parameterized as the slope of the relation between u and (1/κ) log(h) 738 

from USGS site visits where κ ≈ 0.41 is the van Karman’s constant. For each site, we used data 739 

reported by the USGS from site visits to relate u to discharge (in m3 s-1), and to relate depth of 740 

flow (h) and channel width (w) to u. For each day in the timeseries, average discharge was 741 

converted to u, h, and w times using these relations, and footprints were computed as the product 742 

of distance x (in km) and width w (in km) of the river reach. This computation was performed 743 

10,000 times for each day sampling the distributions of u, h, w, and 𝛼𝛼. The mean and standard 744 



 

error of the resulting concentration footprints were used in creating the vertical error bars in 745 

Figure S7 and are reported in the text. This approach may over-estimate the areal footprint 746 

because of 3 implicit assumptions: (i) lateral dispersion is ignored in the estimation of x, (ii) bulk 747 

estimates of u and D are used, which overestimate the local advection and dispersion in the 748 

vicinity of the biological sink (i.e. river bed and sides), and (iii) the flow field is assumed to be 749 

uniform along x (channel section irregularities act as ‘retardation’ factors due to the presence of 750 

bends and dead-zones). 751 

752 



 

Supporting Figures: 753 

 754 

Figure S1: Synthetic time series used for illustrating detection and separation of diel patterns 756 

from other modes of variability. a) seasonal and diel sinewaves superimposed on each other b) 757 

seasonal, diel and tidal sinewaves superimposed on each other and c) seasonal sinewave and diel 758 

pulse-decay patterns superimposed on each other. Subsections i) show the simple time series, ii) 759 

show the time series with environmental variability included, and iii) show the time series with 760 

environmental and sensor induced variability and gaps included. In all plots, time periods 761 

highlighted with shaded boxes are amplified in the insets to illustrate fine-scale variability. 762 

 763 



 

Figure S2: Measured nitrate concentration time series sampled at 15-minute intervals from the 765 

a) Ichetucknee River in 2010 b) Potomac River in 2015 and c) Connecticut River in 2014. 766 

Subsections i) show the whole series, and time periods highlighted with shaded boxes are 767 

amplified in subsections ii) for visualization of diel features.   768 

 769 



 

Figure S3: Power spectra of the three synthetic data series; Seasonal & Diel Sine: a-c; Seasonal, 771 

Diel & Tidal Sine: d-f; Pulse-Decay g-i; Blank with just the environmental structure j-l). Power 772 

spectra are shown of the simple signal (a, d, g & j), the signals with environmental variability (b, 773 

e, h & k) and the signals with variability from environmental and detection processes (c, f, I & l). 774 

The dashed line shows 1/f2 scaling (α = 2), and blue dots show peaks with power at least 50x 1/f2 775 

scaling.  776 

 777 

 778 

 779 



 

Figure S4: Power spectra of the example three measured data series Power spectra are shown for 781 

the a) Ichetucknee River, b) Connecticut River, and c) Potomac River. The dashed line shows 782 

1/f2 scaling (α = 2), and blue dots show peaks with power at least 50x 1/f2 scaling.  783 

  784 



 

Figure S5: Wavelet analysis of the three synthetic data series; Seasonal & Diel Sine: a-c; 786 

Seasonal, Diel & Tidal Sine: d-f; Pulse-Decay g-i; Blank with just the environmental structure j-787 

l). Wavelet heatmaps are shown of the simple signal (a, d, g & j), the signals with environmental 788 

variability (b, e, h & k) and the signals with variability from environmental and detection 789 

processes (c, f, I & l). The color maps on all panels correspond to the quantiles of energy within 790 

each measured timeseries. Thus, colors within panels are comparable, but colors are not 791 

comparable across panels.  792 

  793 



 

Figure S6: Wavelet heatmaps of the example three measured data series. Wavelets are shown 795 

for the a) Ichetucknee River, b) Connecticut River, and c) Potomac River. The color maps on all 796 

panels correspond to the quantiles of energy within each measured timeseries. Thus, colors 797 

within panels are comparable, but colors are not comparable across panels.  798 

 799 

 800 



 

Figure S7: Areal daily N-uptake estimated from concentration deficit in the diel IMF (y-axis; 802 

UNO3, NO3) plotted against areal daily N-uptake estimated from GPP (x-axis; UNO3, GPP) with 803 

accompanying error in a) the Ichetucknee River, b) the Connecticut River, c) the Potomac River, 804 

and d) the Potomac River minus 3 outliers that correlated with storm events. Error bars represent 805 

the 95% confidence interval (± 2 standard error). Error for UNO3, GPP stems from uncertainty 806 

around estimates of GPP, autotrophic respiration quotients, and C:N stoichiometry of 807 

photoautotrophs. Error for UNO3, NO3 derives from uncertainty around the size of the chemical 808 

signature footprint. The black dotted line shows the 1:1 line. Grey triangles in a) denote 809 

estimates from days that had flow reversals and are therefore less reliable than days shown in 810 

black circles. They are maintained because of their prevalence in the time series. In all panels, 811 



 

only days on which signal was extracted from the timeseries are shown. Though theoretically, 812 

negative uptake values are impossible, published model results of GPP are occasionally 813 

negative16, and are kept for consistency in describing uncertainty. Error bars in the Ichetucknee 814 

River do not account for error associated with GPP, as it was computed arithmetically and not 815 

statistically. 816 

 817 
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MetadataS1 819 

 820 

For: Data S1 821 

 822 

All Compiled Data and Code  823 

 824 

Author(s) [of the material provided in DataS1.zip] 825 

Catherine Chamberlin 826 
Duke University 827 
9 Circuit Drive, Durham, NC 27709 828 
catherine.chamberlin@duke.edu  829 
 830 
Jim Heffernan 831 
Duke University  832 
9 Circuit Drive, Durham, NC 27709 833 
james.heffernan@duke.edu 834 
 835 
Gabriel Katul 836 
Duke University 837 
9 Circuit Drive, Durham, NC 27709 838 
gaby@duke.edu  839 

 840 

File list (files found within DataS1.zip) 841 

README.txt 842 

/Code/ 843 
./AnalyzeConnecticutIMFs.Rmd 844 
./AnalyzeIchetuckneeIMFs.Rmd 845 
./AnalyzeLorentzianIMFs.Rmd 846 
./AnalyzePotomacIMFs.Rmd 847 
./CreateSyntheticSeries.Rmd 848 
./Download+Save_MetabolismEstimates.Rmd 849 
./EEMDComputation.Rmd 850 
./FFTAnalysis.R 851 
./HelperFunctions.R 852 

mailto:catherine.chamberlin@duke.edu
mailto:james.heffernan@duke.edu
mailto:gaby@duke.edu


 

./MakeFigS2.Rmd 853 

./MakeFig1.Rmd 854 

./MakeFig2.Rmd 855 

./MakeFigS1.Rmd 856 

./MakeVideo1.Rmd 857 

./MakeVideo2.Rmd 858 

./MakeVideo3.Rmd 859 

./ModelConnecticutMetabolism.R 860 

./Nuptake_Connecticut.Rmd 861 

./Nuptake_Ichetucknee.Rmd 862 

./Nuptake_Potomac.Rmd 863 

./ProcessIchetuckneeData.Rmd 864 

./USGSDataDownload.Rmd 865 

./WaveletAnalysis.R 866 
/Data/ 867 
./Ichetucknee_2010_parsed_jbh.csv 868 
./Ichetucknee_metabolism.csv 869 
/Output/ 870 
./Conn_ratingcurve.RData 871 
./Conn_USGSdata.RData 872 
./CT_nwis-0113050_metab.RData 873 
./Ich_data.RData 874 
./MD_nwis-0164500_metab.RData 875 
./Pot_ratingcurve.RData 876 
./Pot_USGSdata.RData 877 
./SyntheticSeries.RData 878 
./Figures/ 879 
././FigS2.pdf 880 
././Fig1a.pdf 881 
././Fig1b.pdf 882 
././Fig1c.pdf 883 
././Fig1d.pdf 884 
././Fig2.pdf 885 
././Fig3a.pdf 886 
././Fig3b.pdf 887 
././Fig3c.pdf 888 
././Fig3d.pdf 889 
././FigS1.pdf 890 
././FigS1insets.pdf 891 
././FigS3.pdf 892 
././FigS4.pdf 893 
././FigS5a.tif 894 
././FigS5b.tif 895 
././FigS5c.tif 896 



 

././FigS5d.tif 897 

././FigS5e.tif 898 

././FigS5f.tif 899 

././FigS5g.tif 900 

././FigS5h.tif 901 

././FigS5i.tif 902 

././FigS5k.tif 903 

././FigS5l.tif 904 

././FigS6a.tif 905 

././FigS6b.tif 906 

././FigS6c.tif 907 

././FigS7a.pdf 908 

././FigS7b.pdf 909 

././FigS7c.pdf 910 

././FigS7d.pdf 911 

./IMFs_Connecticut/ 912 

././Connecticut_compiled.RData 913 

./IMFs_Ichetucknee/ 914 

././Ichetucknee_compiled.RData 915 

./IMFs_Lorentzian/ 916 

././ts.blank.c_compiled.RData 917 

././ts.blank_compiled.RData 918 

././ts1.b_compiled.RData 919 

././ts1.c_compiled.RData 920 

././ts1_compiled.RData 921 

././ts2.b_compiled.RData 922 

././ts2.c_compiled.RData 923 

././ts2_compiled.RData 924 

././ts3.b_compiled.RData 925 

././ts3.c_compiled.RData 926 

././ts3_compiled.RData 927 

./IMFs_Potomac/ 928 

././Potomac_compiled.RData 929 

./VideoFrames/ 930 

././EEMDConn_p1.png … EEMDConn_p17.png 931 

././EEMDIch_p1.png … EEMDIch_p16.png 932 

././EEMDPot_p1.png … EEMDPot_p16.png 933 

 934 
 935 

Description 936 

This compilation should run on most systems provided the folder structure and file organization 937 
is left intact. 938 



 

 939 
All code was developed using R 4.0.2.  The following packages must be installed to run the 940 
code:  941 
streamMetabolizer_0.11.4 942 
StreamPULSE_0.0.0.9043 943 
Cairo_1.5-12.2 944 
shiny_1.5.0 945 
padr_0.5.2 946 
dataRetrieval_2.7.6 947 
xts_0.12.1 948 
dygraphs_1.1.1.6 949 
pracma_2.2.9 950 
gridExtra_2.3 951 
lubridate_1.7.9 952 
hht_2.1.3 953 
zoo_1.8-8 954 
doParallel_1.0.15 955 
iterators_1.0.12 956 
forcats_0.5.0 957 
stringr_1.4.0 958 
dplyr_1.0.2 959 
purr_0.3.4 960 
readr_1.3.1 961 
tidyr_1.1.2 962 
tibble_3.0.3 963 
ggplot2_3.3.2 964 
tidyverse_1.3.0 965 
foreach_1.5.0 966 
WaveletComp_1.1 967 
 968 
README.txt – This file includes a brief description of the purpose of the zip folder 969 
DataS1.zip. 970 
 971 
AnalyzeConnecticutIMFs.Rmd – This file accesses files Conn_USGSdata.RData 972 
and Connecticut_compiled.RData. This file analyzes the compiled EEMD results of 973 
the decomposition of the measured timeseries from the Connecticut River. This R Markdown file 974 
can be knitted or run chunk by chunk. Code provided first views all of the IMFs, examines their 975 
periods, isolates the Diel IMF using functions sourced from the HelperFunctions.R file, 976 
and calculates statistics on the extent, magnitude and seasonality of diel signal.  977 
 978 
AnalyzeIchetuckneeIMFs.Rmd – This file accesses files Ich_data.RData and 979 
Ichetucknee_compiled.RData. This file analyzes the compiled EEMD results of the 980 
decomposition of the measured timeseries from the Ichetucknee River. This R Markdown file 981 



 

can be knitted or run chunk by chunk. Code provided first views all of the IMFs, examines their 982 
periods, isolates the Diel IMF using functions sourced from the HelperFunctions.R file, 983 
and calculates statistics on the extent, magnitude and seasonality of diel signal. 984 
 985 
AnalyzeLorentzianIMFs.Rmd – This file accesses files 986 
SyntheticSeries.RData, ts.blank.c_compiled.RData, 987 
ts.blank_compiled.RData, ts1.b_compiled.RData, 988 
ts1.c_compiled.RData, ts1_compiled.RData, ts2.b_compiled.RData, 989 
ts2.c_compiled.RData, ts2_compiled.RData, ts3.b_compiled.RData, 990 
ts3.c_compiled.RData and ts3_compiled.RData. This file analyzes the compiled 991 
EEMD results of the decomposition of the Lorentzian timeseries. This R Markdown file can be 992 
knitted or run chunk by chunk for one timeseries at a time. Code provided first views displays all 993 
of names of the Lorentzian timeseries, and requires user input to choose which series to view for 994 
the remainder of the file. Once a timeseries is selected, the code displays all IMFs, examines 995 
their periods, isolates the Diel IMF using functions sourced from the HelperFunctions.R 996 
file, and calculates statistics on the extent, magnitude, and percent signal recovery. 997 
 998 
AnalyzePotomacIMFs.Rmd – This file accesses files Pot_USGSdata.RData and 999 
Potomac_compiled.RData. This file analyzes the compiled EEMD results of the 1000 
decomposition of the measured timeseries from the Potomac River. This R Markdown file can be 1001 
knitted or run chunk by chunk. Code provided first views all of the IMFs, examines their periods, 1002 
isolates the Diel IMF using functions sourced from the HelperFunctions.R file, and 1003 
calculates statistics on the extent, magnitude and seasonality of diel signal. 1004 
 1005 
CreateSyntheticSeries.Rmd – This file creates the Lorentzian timeseries following 1006 
the mathematical description in the Supplemental Information. A base timeseries of either 1007 
sinusoidal or exponential decay shape is successively contaminated with brown noise (i.e. a 1008 
random walk) of a certain magnitude representing environmental variability, and then with white 1009 
noise and gaps representing measurement error or observational variability. The power spectra 1010 
for each timeseries is available for viewing. “Blank” timeseries of just background variability are 1011 
also produced that do not have any structure as their base. Produces output 1012 
SyntheticSeries.RData. 1013 
 1014 
Download+Save_MetabolismEstimates.Rmd – This file accesses the metabolism 1015 
estimates for the Potomac and Connecticut rivers that were available in the literature16, and 1016 
accessible through the StreamPulse data portal (data.streampulse.org). As the metabolism of the 1017 
Connecticut River was also estimated locally, several graphical comparisons of the two 1018 
estimations are provided in this file. Produces output CT_nwis-01193050_metab.RData 1019 
and MD_nwis-01646500_metab.RData. 1020 
 1021 
EEMDComputation.Rmd – This file accesses files Conn_USGSdata.RData, 1022 
Pot_USGSdata.RData, Ich_data.RData and SyntheticSeries.RData. It 1023 



 

uses the hht package to compute 200 trial decompositions of each timeseries, then compiles them 1024 
and resifts them according to the method described by the authors of the package26. Outputs of 1025 
this code file include Connecticut_compiled.RData , 1026 
Ichetucknee_compiled.RData, Potomac_compiled.RData, 1027 
ts.blank.c_compiled.RData, ts.blank_compiled.RData, 1028 
ts1.b_compiled.RData, ts1.c_compiled.RData, ts1_compiled.RData, 1029 
ts2.b_compiled.RData, ts2.c_compiled.RData, ts2_compiled.RData, 1030 
ts3.b_compiled.RData, ts3.c_compiled.RData, and 1031 
ts3_compiled.RData. Running the code also creates the folders 1032 
Connecticut_eemd/, Ichetucknee_eemd/, Potomac_eemd/, 1033 
ts.blank.c_eemd/, ts.blank_eemd/, ts1.b_eemd/, ts1.c_eemd/, 1034 
ts1_eemd/, ts2.b_eemd/, ts2.c_eemd/, ts2_eemd/, ts3.b_eemd/, 1035 
ts3.c_eemd/, and ts3_eemd/, and 200 trials in each folder. For space reasons, these 1036 
trial files are not included in the zipped folder. Please contact the authors if they are needed. 1037 
 1038 
FFTAnalysis.R contains code to perform Fourier analysis of the measured and synthetic 1039 
timeseries and produce the power spectra plots in Fig S3 and Fig S4.  1040 
 1041 
HelperFunctions.R contains 5 functions that are called in many of the other code files. 1042 
They are loaded when this script is sourced by the other RMarkdown files. The first function is 1043 
auto.installer() which combines installation and loading libraries. Alternatively, experienced R 1044 
users can install packages manually. The second is my_PlotIMFs(), which is a very slight 1045 
modification of PlotIMFs() from the hht package to allow for more descriptive plot titles. 1046 
Investigate.IMF() creates an interactive graph of all of the selected IMFs overlain on each other. 1047 
This is a helpful function for inspecting regions of a timeseries more closely. 1048 
format_EEMD_result() and filter_imfs() are meant to be used in concert, where the input of 1049 
filter_imfs() is the output of format_EEMD_result(). filter_imfs() will isolate the signal of a 1050 
given period and phase from all of the IMFs. Phase is only supported for 24 hour periodicity at 1051 
this point. 1052 
 1053 
MakeFigS1.Rmd contains code to create Fig S1 of the Lorentzian data series. This file loads 1054 
SyntheticSeries.RData and writes FigS1.pdf and FigS1insets.pdf. The 1055 
presented Fig S1 was created using these pdf files in Adobe Illustrator. 1056 
 1057 
MakeFigS2.Rmd contains code to create Fig S2 of the Measured data series. This file loads 1058 
Ich_data.RData, Conn_USGSdata.RData, and Pot_USGSdata.RData and 1059 
writes FigS2.pdf. The presented Fig S2 was created using this pdf file in Adobe Illustrator. 1060 
 1061 
MakeFig1.Rmd contains code to create Fig 1. This file loads Conn_USGSdata.RData 1062 
and Connecticut_compiled.RData and writes Fig1a.pdf, Fig1b.pdf, 1063 
Fig1c.pdf and Fig1d.pdf. The presented Fig 1 was created using these pdf files in 1064 
Adobe Illustrator. 1065 



 

 1066 
MakeFig2.Rmd contains code to create Fig 2. This file loads Ich_data.RData, 1067 
Ichetuknee_compiled.RData, Conn_USGSdata.RData, 1068 
Connecticut_compiled.RData, Pot_USGSdata and 1069 
Potomac_compiled.RData and writes Fig2.pdf.  1070 
 1071 
MakeVideo1.Rmd contains code to create the frames for Video S1. This file loads 1072 
Ich_data.RData, and Ichetucknee_compiled.RData and writes 1073 
EEMDIch_p[1:16].png. The video was created using these images through Windows Video 1074 
Editor.  1075 
 1076 
MakeVideo2.Rmd contains code to create the frames for Video S2. This file loads 1077 
Pot_USGSdata.RData, and Potomac_compiled.RData and writes 1078 
EEMDPot_p[1:16].png. The video was created using these images through Windows Video 1079 
Editor. 1080 
 1081 
MakeVideo3.Rmd contains code to create the frames for Video S3. This file loads 1082 
Conn_USGSdata.RData, and Connecticut_compiled.RData and writes 1083 
EEMDConn_p[1:17].png. The video was created using these images through Windows 1084 
Video Editor. 1085 
 1086 
ModelConnecticutMetabolism.R contains code to model metabolism using the 1087 
streamMetabolizer package. Settings match those used in published literature16 except for the 1088 
decisions on which days to include in the model. This code produces the file 1089 
CT_Modelled_metab.RData. As the model output file is large, the output is not included in 1090 
this zipped folder. Please contact authors if the file is needed. 1091 
 1092 
Nuptake_Connecticut.Rmd contains code to calculate the N-uptake  for the Connecticut 1093 
River predicted from the diel nitrate variability according to methods developed in the 1094 
literature15. Independent estimates of N-uptake are also produced from GPP estimates. This file 1095 
also calculates the theoretical concentration footprints based on literature methods24. All 1096 
estimates are compared with each other, and error surrounding these estimates are provided. This 1097 
file loads Conn_USGSdata.RData, Connecticut_compiled.RData, 1098 
CT_modelled_metabolism.RData and Conn_ratingcurve.RData, and writes 1099 
Fig3b.pdf and FigS7b.pdf. As CT_modelled_metabolism.RData is large, it is 1100 
not included in this zipped folder. Please contact authors if the file is needed. 1101 
 1102 
Nuptake_Ichetucknee.Rmd contains code to calculate the N-uptake for the Ichetucknee 1103 
River predicted from the diel nitrate variability according to methods developed in the 1104 
literature15. Independent estimates of N-uptake are also produced from GPP estimates. All 1105 
estimates are compared with each other. This file loads Ich_data.RData, 1106 



 

Ichetucknee_compiled.RData and Ichetucknee_metabolism.csv, and 1107 
writes Fig3a.pdf and FigS7b.pdf.  1108 
 1109 
Nuptake_Potomac.Rmd contains code to calculate the N-uptake  for the Potomac River 1110 
predicted from the diel nitrate variability according to methods developed in the literature15. 1111 
Independent estimates of N-uptake are also produced from GPP estimates. This file also 1112 
calculates the theoretical concentration footprints based on literature methods24. All estimates are 1113 
compared with each other, and error surrounding these estimates are provided. This file loads 1114 
Pot_USGSdata.RData, Potomac_compiled.RData, MD_nwis-1115 
01646500_metab.RData and Pot_ratingcurve.RData, and writes 1116 
Fig3c.pdf, Fig3d.pdf, FigS7b.pdf and FigS7c.pdf.  1117 
 1118 
ProcessIchetuckneeData.Rmd contains code that formats the Ichetucknee nitrate data 1119 
to be consistent with data retrieved from the USGS NWIS site. The code loads 1120 
Ichetucknee_2010_parsed_jbh.csv and writes Ich_data.RData. 1121 
 1122 
USGSDataDownload.Rmd contains code to access relevant data from the USGS NWIS site 1123 
using the dataRetrieval R package. Continuous nitrate and discharge data are downloaded from 1124 
the Connecticut River (gage 01193050) and the Potomac River (gage 016456500). The data are 1125 
lightly processed to ensure a consistent sampling frequency, no duplicate measurements, and 1126 
units of m3s for discharge. Rating curves for both sites are also downloaded and saved. This 1127 
script exports files Conn_USGSdata.RData, Pot_USGSdata.RData, 1128 
Conn_ratingcurve.RData and Pot_ratingcurve.RData. 1129 
 1130 
WaveletAnalysis.R contains code to compute and print the continuous wavelet analyses 1131 
of the measured and synthetic timeseries. The code saves the wavelet analyses in ./Output, and 1132 
due to their size, these output files are not included in the initial DataS1 zip file. The code also 1133 
creates .tif files to create Fig S5 and Fig S6. Fig S5 and S6 were compiled in Inkscape. 1134 
 1135 
Ichetucknee_2010_parsed_jbh.csv contains direct observations of NO3

- and other 1136 
water quality parameters as well as derived estimates of metabolism from O2 and nitrogen 1137 
uptake from diel NO3

- variability.  NO3
- data were collected from Satlantic SUNA V1 sensors 1138 

and other water quality parameters collected by YSI sonde.  Sensors were deployed ~5km 1139 
downstream of the Ichetucknee Headspring at US Highway 27 near USGS gage 02322700, and 1140 
cleaned weekly concurrent with data download.  Diel N uptake was estimated based on diel NO3

-1141 
deviation from two different baselines: the prior nighttime maxima and the mean of the prior and 1142 
subsequent nighttime maxima15.   1143 
 1144 
Ichetucknee_metabolism.csv contains estimates of metabolism (Gross Primary 1145 
Production and Ecosystem Respiration) derived from diel variation in O2 concentrations and 1146 
other physical and chemical parameters.  Because the Ichetucknee’s flow is derived from 5 1147 
distinct large springs, assumptions of longitudinal O2 equilibrium required by single-station 1148 



 

methods were not applicable.  Instead, metabolism was calculated using a 2-station approach 1149 
with the upstream boundary O2 concentration estimated from the flow-weighted contributions of 1150 
the hydrologically- and chemically-stable springs. Gas exchange was estimated from discharge 1151 
based on prior studies of the relationship between dome-gas exchange and flow velocity and 1152 
applied to the river surface area upstream of the sensors.   1153 
 1154 
Conn_ratingcurve.RData is data accessed from the USGS describing their site visits to 1155 
gage 01193050. The file is written by USGSDataDownload.Rmd. 1156 
 1157 
Conn_USGSdata.RData is continuous monitoring data from USGS NWIS for site 1158 
01193050. The file is written by USGSDataDownload.Rmd.  1159 
 1160 
CT_nwis-01193050_metab.RData contains metabolism estimates for site 01193050 1161 
accessed through StreamPulse. The file is written by 1162 
Download+Save_MetabolismEstimates.Rmd. 1163 
 1164 
Ich_data.RData contains the reformatted data from 1165 
Ichetucknee_2010_parsed_jbh.csv. The file is written by 1166 
ProcessIchetuckneeData.Rmd.  1167 
 1168 
MD_nwis-01646500_metab.RData contains metabolism estimates for site 016456500 1169 
accessed through StreamPulse. The file is written by 1170 
Download+Save_MetabolismEstimates.Rmd. 1171 
 1172 
Pot_ratingcurve.RData is data accessed from the USGS describing their site visits to 1173 
gage 016456500. The file is written by USGSDataDownload.Rmd. 1174 
 1175 
Pot_USGSdata.RData is continuous monitoring data from USGS NWIS for site 016456500. 1176 
The file is written by USGSDataDownload.Rmd.  1177 
 1178 
SyntheticSeries.RData contains the Lorentzian timeseries created by 1179 
CreateSyntheticSeries.Rmd.  1180 
 1181 
FigS1.pdf is written by MakeFigS1.Rmd and contains segments of Figure S1. Figure S1 1182 
was created in Adobe Illustrator.  1183 
 1184 
FigS1insets.pdf is written by MakeFigS1.Rmd and contains segments of Figure S1. 1185 
Figure S1 was created in Adobe Illustrator. 1186 
 1187 
FigS2.pdf is written by MakeFigS2.Rmd and contains segments of Figure S2. Figure S2 1188 
was created in Adobe Illustrator. 1189 
 1190 



 

Fig1a.pdf is written by MakeFig1.Rmd and contains segments of Figure 1. Figure 1 was 1191 
created in Adobe Illustrator. 1192 
 1193 
Fig1b.pdf is written by MakeFig1.Rmd and contains segments of Figure 1. Figure 1 was 1194 
created in Adobe Illustrator. 1195 
 1196 
Fig1c.pdf is written by MakeFig1.Rmd and contains segments of Figure 1. Figure 1 was 1197 
created in Adobe Illustrator. 1198 
 1199 
Fig1d.pdf is written by MakeFig1.Rmd and contains segments of Figure 1. Figure 1 was 1200 
created in Adobe Illustrator. 1201 
 1202 
Fig2.pdf is written by MakeFig2.Rmd and is the same as published Figure 2. 1203 
 1204 
Fig3a.pdf is written by Nuptake_Ichetucknee.Rmd and shows the correlation 1205 
between N-uptake estimates from GPP and from isolated diel oscillations of nitrate. Fig 3 in the 1206 
manuscript was created in Adobe Illustrator and Inkscape.  1207 
 1208 
Fig3b.pdf is written by Nuptake_Connecticut.Rmd and shows the correlation 1209 
between N-uptake estimates from GPP and from isolated diel oscillations of nitrate. Fig 3 in the 1210 
manuscript was created in Adobe Illustrator and Inkscape.  1211 
 1212 
Fig3c.pdf is written by Nuptake_Potomac.Rmd and shows the correlation between N-1213 
uptake estimates from GPP and from isolated diel oscillations of nitrate. Fig 3 in the manuscript 1214 
was created in Adobe Illustrator and Inkscape. 1215 
 1216 
Fig3d.pdf is written by Nuptake_Potomac.Rmd and shows the correlation between N-1217 
uptake estimates from GPP and from isolated diel oscillations of nitrate. Fig 3 in the manuscript 1218 
was created in Adobe Illustrator and Inkscape. 1219 
 1220 
FigS3.pdf is written by FFTAnalysis.R Fig S3 in the manuscript was created in 1221 
Inkscape. 1222 
 1223 
FigS4.pdf is written by FFTAnalysis.R Fig S4 in the manuscript was created in 1224 
Inkscape. 1225 
 1226 
FigS5a.tif is written by WaveletAnalysis.R Fig S5 in the manuscript was created in 1227 
Inkscape. 1228 
 1229 
FigS5b.tif is written by WaveletAnalysis.R Fig S5 in the manuscript was created in 1230 
Inkscape. 1231 
 1232 



 

FigS5c.tif is written by WaveletAnalysis.R Fig S5 in the manuscript was created in 1233 
Inkscape. 1234 
 1235 
FigS5d.tif is written by WaveletAnalysis.R Fig S5 in the manuscript was created in 1236 
Inkscape. 1237 
 1238 
FigS5e.tif is written by WaveletAnalysis.R Fig S5 in the manuscript was created in 1239 
Inkscape. 1240 
 1241 
FigS5f.tif is written by WaveletAnalysis.R Fig S5 in the manuscript was created in 1242 
Inkscape. 1243 
 1244 
FigS5g.tif is written by WaveletAnalysis.R Fig S5 in the manuscript was created in 1245 
Inkscape. 1246 
 1247 
FigS5h.tif is written by WaveletAnalysis.R Fig S5 in the manuscript was created in 1248 
Inkscape. 1249 
 1250 
FigS5i.tif is written by WaveletAnalysis.R Fig S5 in the manuscript was created in 1251 
Inkscape. 1252 
 1253 
FigS5k.tif is written by WaveletAnalysis.R Fig S5 in the manuscript was created in 1254 
Inkscape. 1255 
 1256 
FigS5l.tif is written by WaveletAnalysis.R Fig S5 in the manuscript was created in 1257 
Inkscape. 1258 
 1259 
FigS6a.tif is written by WaveletAnalysis.R Fig S6 in the manuscript was created in 1260 
Inkscape. 1261 
 1262 
FigS6b.tif is written by WaveletAnalysis.R Fig S6 in the manuscript was created in 1263 
Inkscape. 1264 
 1265 
FigS6c.tif is written by WaveletAnalysis.R Fig S6 in the manuscript was created in 1266 
Inkscape. 1267 
 1268 
FigS7a.pdf is written by Nuptake_Ichetucknee.Rmd and shows the correlation 1269 
between N-uptake estimates from GPP and from isolated diel oscillations of nitrate with error 1270 
bars for both methods. Fig S7 in the manuscript was created in Inkscape. 1271 
 1272 



 

FigS7b.pdf is written by Nuptake_Connecticut.Rmd and shows the correlation 1273 
between N-uptake estimates from GPP and from isolated diel oscillations of nitrate with error 1274 
bars for both methods. Fig S7 in the manuscript was created in Inkscape. 1275 
 1276 
FigS7c.pdf is written by Nuptake_Potomac.Rmd and shows the correlation between N-1277 
uptake estimates from GPP and from isolated diel oscillations of nitrate with error bars for both 1278 
methods. Fig S7 in the manuscript was created in Inkscape. 1279 
 1280 
FigS7d.pdf is written by Nuptake_Potomac.Rmd and shows the correlation between N-1281 
uptake estimates from GPP and from isolated diel oscillations of nitrate with error bars for both 1282 
methods. Fig S7 in the manuscript was created in Inkscape. 1283 
 1284 
Connecticut_compiled.RData contains the compiled EEMD results from all 200 trials 1285 
for the Connecticut River. The results contain timeseries for each IMF. The file was produced by 1286 
EEMDComputation.Rmd.  1287 
 1288 
Ichetucknee_compiled.RData contains the compiled EEMD results from all 200 trials 1289 
for the Ichetucknee River. The results contain timeseries for each IMF. The file was produced by 1290 
EEMDComputation.Rmd.  1291 
 1292 
ts.blank.c_compiled.RData contains the compiled EEMD results from all 200 trials 1293 
for the blank Lorentzian timeseries with observational variation. The results contain timeseries 1294 
for each IMF. The file was produced by EEMDComputation.Rmd.  1295 
 1296 
ts.blank_compiled.RData contains the compiled EEMD results from all 200 trials for 1297 
the blank Lorentzian timeseries with environmental variation. The results contain timeseries for 1298 
each IMF. The file was produced by EEMDComputation.Rmd.  1299 
 1300 
ts1.b_compiled.RData contains the compiled EEMD results from all 200 trials for the 1301 
S&D Lorentzian timeseries with environmental variation. The results contain timeseries for each 1302 
IMF. The file was produced by EEMDComputation.Rmd.  1303 
 1304 
ts1.c_compiled.RData contains the compiled EEMD results from all 200 trials for the 1305 
S&D Lorentzian timeseries with observational variation. The results contain timeseries for each 1306 
IMF. The file was produced by EEMDComputation.Rmd. 1307 
 1308 
ts1_compiled.RData contains the compiled EEMD results from all 200 trials for the S&D 1309 
Lorentzian timeseries. The results contain timeseries for each IMF. The file was produced by 1310 
EEMDComputation.Rmd. 1311 
 1312 



 

ts2.b_compiled.RData contains the compiled EEMD results from all 200 trials for the 1313 
S,D&T Lorentzian timeseries with environmental variation. The results contain timeseries for 1314 
each IMF. The file was produced by EEMDComputation.Rmd. 1315 
 1316 
ts2.c_compiled.RData contains the compiled EEMD results from all 200 trials for the 1317 
S,D&T Lorentzian timeseries with observational variation. The results contain timeseries for 1318 
each IMF. The file was produced by EEMDComputation.Rmd. 1319 
 1320 
ts2_compiled.RData contains the compiled EEMD results from all 200 trials for the 1321 
S,D&T Lorentzian timeseries. The results contain timeseries for each IMF. The file was 1322 
produced by EEMDComputation.Rmd. 1323 
 1324 
ts3.b_compiled.RData contains the compiled EEMD results from all 200 trials for the 1325 
Pulse-Decay Lorentzian timeseries with environmental variation. The results contain timeseries 1326 
for each IMF. The file was produced by EEMDComputation.Rmd. 1327 
 1328 
ts3.c_compiled.RData contains the compiled EEMD results from all 200 trials for the 1329 
Pulse-Decay Lorentzian timeseries with observational variation. The results contain timeseries 1330 
for each IMF. The file was produced by EEMDComputation.Rmd. 1331 
 1332 
ts3_compiled.RData contains the compiled EEMD results from all 200 trials for the Pulse-1333 
Decay Lorentzian timeseries. The results contain timeseries for each IMF. The file was produced 1334 
by EEMDComputation.Rmd. 1335 
 1336 
Potomac_compiled.RData contains the compiled EEMD results from all 200 trials for the 1337 
Potomac River. The results contain timeseries for each IMF. The file was produced by 1338 
EEMDComputation.Rmd.  1339 
 1340 
EEMDConn_p1.png … EEMDConn_p17.png contain image frames to make Video S2. 1341 
Images are written by MakeVideo2.Rmd 1342 
 1343 
EEMDIch_p1.png … EEMDIch_p16.png contain image frames to make Video S1. 1344 
Images are written by MakeVideo1.Rmd 1345 
 1346 
EEMDPot_p1.png … EEMDPot_p16.png contain image frames to make Video S3. 1347 
Images are written by MakeVideo3.Rmd 1348 
 1349 
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