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ARTICLE INFO ABSTRACT
Editor: Ewa Korzeniewska Many fundamental questions in hydrology remain unanswered due to the limited information that can be extracted

from existing data sources. Microbial communities constitute a novel type of environmental data, as they are
comprised of many thousands of taxonomically and functionally diverse groups known to respond to both biotic
and abiotic environmental factors. As such, these microscale communities reflect a range of macroscale conditions
Information theory and characteristics, some of which also drive hydrologic regimes. Here, we assess the extent to which streamwater mi-
Mutual information crobial communities (as characterized by 16S gene amplicon sequence abundance) encode information about catch-
Pacific Northwest ment hydrology across scales. We analyzed 64 summer streamwater DNA samples collected from subcatchments
within the Willamette, Deschutes, and John Day river basins in Oregon, USA, which range 0.03-29,000 km? in area
and 343-2334 mm/year of precipitation. We applied information theory to quantify the breadth and depth of informa-
tion about common hydrologic metrics encoded within microbial taxa. Of the 256 microbial taxa that spanned all three
watersheds, we found 9.6 % (24.5/256) of taxa, on average, shared information with a given hydrologic metric, with a
median 15.6 % (range = 12.4-49.2 %) reduction in uncertainty of that metric based on knowledge of the microbial
biogeography. All of the hydrologic metrics we assessed, including daily discharge at different time lags, mean
monthly discharge, and seasonal high and low flow durations were encoded within the microbial community. Summer
microbial taxa shared the most information with winter mean flows. Our study demonstrates quantifiable relationships
between streamwater microbial taxa and hydrologic metrics at different scales, likely resulting from the integration of
multiple overlapping drivers of each. Streamwater microbial communities are rich sources of information that may
contribute fresh insight to unresolved hydrologic questions.
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1. Introduction

Hydrology spans earth and life sciences. The living environment is
shaped by water and in turn shapes the hydrological cycle (e.g.,Dingman,
2015). A deeper knowledge of these interactions requires data that inte-
grates processes at multiple spatial and temporal scales, beyond direct
human observations. Meteorological, eddy covariance, stable isotopes,
and remotely sensed earth observation data have made high-resolution
hydrologic observations more widely available than ever before, through
observation networks such as FLUXNET (Baldocchi et al., 2001), the
National Ecological Observatory Network (NEON; Schimel et al., 2007),
and the Critical Zone Collaborative Network (CZNet; https://criticalzone.
org/). Despite this growing amount of data, the specific mechanisms and
interactions of many drivers of hydrologic function are still not well under-
stood. A fundamental process-based understanding of streamflow genera-
tion, for example, is necessary to predict water availability and adapt to
changing climate and landcover conditions, yet the dynamics of streamflow
sources and transit time distribution remain areas of active research
(Bloschl et al., 2019). The ability to develop new hydrologic insight may
not be limited by the amount of data, but instead by the type of data avail-
able for hydrologic study. Patterns that are not always apparent from data
traditionally employed in hydrology may emerge when analyzed with bi-
otic data that integrates information about the spatiotemporal dynamics
of the hydrological cycle and its drivers (Seibert and McDonnell, 2002).

Microbial communities native to an environment (i.e., microbiomes)
constitute a novel type of environmental data that comprise many
thousands of taxonomically and functionally diverse groups. These commu-
nities are most often assessed taxonomically using DNA sequences of the
phylogenetically informative 16S rRNA gene. This approach to assessing
microbiomes is common in a range of research fields from oceanography
to human health. The taxonomic composition of microbial communities is
diagnostic of environment types (e.g., freshwater, soil, seawater, etc.) and
is sensitive to perturbations, shifting species composition in response to
changes in environment (Thompson et al., 2017). Moreover, these commu-
nities are often highly diverse and include hundreds of abundant taxa and
many thousands of rare taxa, thus providing a rich dataset of information
about biological responses to environmental conditions.

Streamwater microbiomes originate primarily from upslope soil, ground-
water, and sediment (Crump et al., 2007, 2012; Sorensen et al., 2013;
Hermans et al., 2019; Miller et al., 2021) and subsequently develop, through
species-sorting and dispersal, in response to biotic factors such as predation
and reproduction, but also to abiotic subsurface and environmental factors,
including soil saturation and streamflow rate (Newby et al., 2009), water
residence time and network connectivity (Hrachowitz et al., 2016), and
interactions with sediment (Droppo et al., 2009). These microscale commu-
nities thus reflect a range of macroscale characteristics and processes that
also influence and interact with catchment scale hydrology.

Spatial characteristics related to water residence time have been identi-
fied as the strongest correlates with streamwater microbial community
composition, even among physicochemical factors, along the River Thames
(Read et al., 2015) and the Danube River (Savio et al., 2015). Microbial
community composition has also been linked to a broader range of land-
scape scale climatological and geomorphological characteristics (URycki
et al., 2020), which are important drivers of hydrologic function. Recent
hydrologic studies have employed microbial communities as tracers to elu-
cidate groundwater recharge and flow paths (Sugiyama et al., 2018; Miller
et al., 2021), and it has been suggested that microbial information may be
useful for hydrologic prediction (Good et al., 2018). However, the breadth
of hydrologic data encoded within microbiomes, and the timescales over
which microbial communities may be informative, has yet to be quantified
and explored.

One major challenge of employing microbial communities as hydrologic
observations is identifying informative constituents among thousands or
even millions of taxa subject to complex ecosystem interactions that remain
poorly understood. The tools of information theory, based on Shannon's en-
tropy (Shannon, 1948), capture linear and nonlinear relationships; analysis
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of information flows are thus a powerful framework to understand complex
patterns in Earth systems science (Goodwell et al., 2020). Here, we sought
to leverage information theory to explore the extent to which microbial
communities inform the hydrology of the ecosystems in which they occur.
We analyze microbial community samples from 64 gauged streams across
three major watersheds in the state of Oregon, USA. Our objective is to
quantify the information shared between microbial taxa and a set of hydro-
logic metrics that represent watershed function and characteristic water
balance dynamics. Results of this analysis can contribute to a broader under-
standing of the relationships between hydrology and streamwater microbial
communities and offer insights about the value of microbial communities as
a novel source of information to answer open hydrological questions.

2. Data and methods
2.1. Study area

The Willamette, Deschutes, and John Day basins, three similarly sized
adjacent watersheds, are exceptional in that together they span a wide
range of ecoclimatic conditions yet all lie within close proximity in the
state of Oregon, USA; although all three basins experience wet winters
and dry summers characteristic of the Pacific Northwest, the effect
diminishes eastward. Westernmost of the three, the Willamette Basin,
encompassing 29,000 km? with a mean elevation of 560 m, is bounded
by the Oregon Coast Range to the west and the Cascade Range to the east
(United States Geological Survey, 2017). The Willamette Basin is the
wettest and most temperate of the three watersheds, receiving 1640 mm
precipitation annually (246 mm in January and 20 mm in July, on average)
and with mean annual minimum and maximum temperatures of 4 °C
and 15 °C, respectively (Fig. 1). The Deschutes Basin, encompassing
27,700 km? to the east of the Cascades, lies at a mean elevation of
1230 m and is considerably drier and cooler than the Willamette Basin,
receiving just 530 mm precipitation annually (75 mm [Jan] and 14 mm
[Jul]l) and with mean annual minimum and maximum temperatures of
0 °C and 14 °C, respectively. To the east of the Deschutes Basin, the John
Day Basin encompasses 20,500 km? and rises to a mean elevation of
1170 m. Climatically more similar to the Deschutes Basin, the John Day
Basin receives 460 mm precipitation annually (53 mm [Jan] and 15 mm
[Jul]) with mean annual minimum and maximum temperatures of 1 °C
and 14 °C, respectively.

All three basins are generally oriented with water flowing south to north
and ultimately drain to the Columbia River at the northern border of
Oregon. Median winter (Jan, Feb, Mar [JFM]) discharge (50 % flow dura-
tion) at the outlet is 1260 m?/s on the Willamette River, 178 m®/s on the
Deschutes River, and 52 m>/s on the John Day River; whereas median
summer (Jul, Aug, Sep [JAS]) discharge is 289 m>/s on the Willamette
River, 132 m®/s on the Deschutes River, and 3 m>/s on the John Day
River (Risley et al., 2008). The Willamette Basin is the most developed of
the three study basins (6 % developed area), containing the city of Portland
at the mouth of the Willamette River, as well as some additional urban
development along the Willamette Valley; the Deschutes Basin (1 %
developed area), including the city of Bend, and the John Day Basin
(<1 % developed area) are far less developed (United States Geological
Survey, 2017).

2.2. DNA collection and sequencing

We collected DNA samples near active stream gages from 40 sites in the
Willamette Basin and 21 sites in the Deschutes Basin between 21 July and 8
August 2017 and from 20 sites in the John Day Basin from 6 to 8 August
2018 (Fig. 1). This mid-summer sampling strategy provided reasonable
assurance that samples represent baseflow conditions across all sites,
given typically very dry summers in both the Mediterranean climate of
western Oregon and semi-arid climate of eastern Oregon. We collected
most samples from the approximate center of the waterway by lowering
from a bridge a two-gallon bucket that had been sanitized at the beginning
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Fig. 1. Map of co-located stream gages and streamwater DNA sampling sites across Willamette (2017), Deschutes (2017), and John Day (2018) basins in Oregon, USA. Marker
colors indicate mean annual precipitation in sample catchments (United States Geological Survey, 2017). Inset indicates number of unique and common microbial amplified

sequence variants detected in n samples across each basin.

of the day and sample-rinsed between sites. We filtered and extracted DNA
samples from collected streamwater as described in Crump et al. (2003).
Although some DNA sampling protocols employ pre-filtering in an effort
to exclude particle-associated microbial DNA, our sampling protocol
includes no such pre-filtering. Consequently, samples we collected include
a combination of aquatic bacterioplankton as well as microbes originating
from soil-water, hyporheic, and benthic habitats (Crump et al., 2007).
After extracting and isolating the DNA following common accepted proto-
cols, we PCR-amplified 16S rRNA genes were with dual-barcoded primers
targeting the V4 region (515f GTGCCAGCMGCCGCGGTAA, 806r GGAC
TACHVGGGTWTCTAAT; Caporaso et al.,, 2011) that were linked to
barcodes and Illumina adapters following Kozich et al. (2013). We
sequenced PCR products with Illumina Miseq V.2 paired end 250 bp se-
quencing. 16S rRNA gene amplicon sequences have been deposited in the
NCBI Sequence Read Archive (SRA) under the bioproject accession number
PRINA642636 (https:// www.ncbi.nlm.nih.gov); experiment accessions
SRX8627679 - SRX8627772. A detailed description of collection and pro-
cessing of this dataset is found in URycki et al. (2020). To approximate
even sampling depth, we rarefied the sequence dataset to 1450 sequences
per sample. We selected a rarefaction threshold of 1450 sequences because
it represented the largest tolerable loss of data while retaining as many sam-
ples as possible. This rarefaction cut 17 of 81 samples that either did not
PCR amplify or produced fewer than 1450 sequences. Sequences were tax-
onomically classified with the SILVA 16S rRNA gene database v.132 (Quast
et al., 2013). We analyzed these data as a matrix of the relative abundance
(i.e., sequence counts) of each unique amplified sequence variant (ASV) de-
tected at each site. In microbiome research, individual ASVs are considered
distinct taxonomic groups, usually at the genus level; as such, we use the
terms ASV and taxon interchangeably throughout this paper.

After rarefying the raw sequences, our dataset consisted of 4701 unique
ASVs from 64 sample sites across the three watersheds. We detected 1742
unique ASVs across 31 samples in the Willamette Basin, 1584 unique
ASVs across 18 samples in the Deschutes Basin, and 2484 unique ASVs
across 15 samples in the John Day Basin (Fig. 1). To reduce computational
and analytical complexity and explore more generalizable patterns, we
focus our analysis on the subset of microbial taxa that were detected across
all three river basins. A total of 256 ASVs were detected at least once in all

three watersheds (Fig. 1), and within this subset we identify these unique
ASVs by their abundance rank, with the most abundant ASV across all
sites identified as ASV 1 and the least abundant as ASV 256 (Table S2).

2.3. Hydrologic metrics

We calculated hydrologic metrics from daily mean discharge records at
64 stream gages (Fig. 1). Study site stream gages spanned headwaters, trib-
utaries, and outlets of the three major rivers and with the intention to sample
the range of land use, landcover, and disturbance in each watershed. Stream
gages were managed by the United States Geological Survey (USGS; U.S.
Geological Survey, 2016), Oregon Water Resources Department (OWRD;
Oregon Water Resources Department, 2021), or H.J. Andrews Experimental
Forest (HJA; Johnson et al., 2020). We obtained available records of daily
mean discharge (ft*/s; converted to m>/s) for each stream gage for the 10-
year period preceding DNA sample collection (see 2.2 DNA collection and
sequencing). We obtained 10 years of data for 54 sites; 6.9-9.9 years of
data for six sites, and <5 years of data for four sites (Table S1).

We sought to analyze a set of hydrologic metrics that would characterize
discharge dynamics in our study area at different time and flow scales. We
therefore calculated 76 hydrologic metrics across three categories: daily dis-
charge, mean monthly discharge, and seasonal high and low flow durations.
To describe current hydrologic conditions, we used daily mean absolute
discharge [m3/s] on to the date () of DNA sample collections and at lags
of even numbers of days, up to 30 days, prior to sampling (Q, Q-2 days)»
Q(t—4 days)» -+ Qqe—30 days)) at all 64 stream gages. To characterize typical
catchment conditions, we calculated mean monthly absolute discharge
(Qumon) over the period of study for each month of the water year from Octo-
ber to September for the 60 sites for which we had >6.9 years of data. To
capture more extreme hydrologic responses, we calculated seasonal high
and low flow durations over the period of study for each of four seasons
and annually beginning at the start of the water year (Qp, ; for P = 5- and
95 % exceedance probability [95th and 5th percentile, respectively] for sea-
sons s = OND, JFM, AMJ, JAS, and Ann [annual]), again for the 60 sites for
which we had >6.9 years of data. We normalized absolute discharge values
by the sub-catchment area, derived from the StreamStats web application
developed by the USGS (https://streamstats.usgs.gov/ss/; USGS, 2017), to
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obtain daily specific discharge (q¢—n days) [m®km~2 s~ '1), mean monthly
specific discharge (g,,,,), and seasonal specific discharge flow durations
(qP, s)-

Across sites, daily discharge generally decreased in the 30 days prior to
sampling, ranging Qq— 2 day) = 0—297 m%/s, Qu—10 daysy = 0 — 340 m?/s,
and Q—30 days) = 0 — 521 m?/s (Table S1). Mean monthly discharge
across sites in January and July ranges Qg = 0 — 1,755 m®/s and Q; =
0 — 343 m®/s. Summer and winter low flows across sites range Qos, jas =
0-208 m*/s and Qos, jay = 0 — 479 m>/s. Summer and winter high flows
range Qs, jas = 0 — 456 m®/s and Qs s = 0 — 3512 m%/s.

Median catchment drainage area ranges 0.03 — 29,007.89 km?
(Table S1). Daily specific discharge across sites ranged from zero to
0.05 m*km 25!, 0.06 m*km 25!, and 0.09 m*km 25! for Ae—2 days),
dt—10 days»» and q¢—30 days) respectively. Mean monthly specific dis-
charge in January and July ranges G, = 0.0 — 0.22 m*km ™2 s~* and
Qyu = 0.0 — 0.05 m®km 2 s™'. Summer and winter low flows across
sites range qos, jas = 0.0 — 0.04 m*km~2? s~ ! and qos, ys = 0.0 —
0.03 m®*km ™2 s~ . Summer and winter high flows range gs, jas = 0.0 —
0.06 m*km ™25~ " and g5, jms 0.0 — 0.66 m*km?s™.

2.4. Information metrics

We leveraged information theory to analyze the relationships between
microbial communities and catchment hydrology. Information theory is
useful for understanding complex systems in a range of research domains,
including in hydrology and in the geosciences more broadly (Ruddell and
Kumar, 2009; Ehret et al., 2014; Olds et al., 2016; Franzen et al., 2020;
Goodwell et al., 2020; Li et al., 2021). Information theory is based on
Shannon's entropy (H(X) [bits]), which quantifies the amount of uncertainty
in a discrete random variable X (Shannon, 1948) and is defined as:

H(X) = —Zp(x) log,p(x), @®

where p(x) is the probability distribution function of random variable X and
summation is over all possible states of X = x. Likewise, the joint entropy
(H(X, Y)[bits]), the total amount of information necessary to describe two
random variables X and Y, is defined as:

H(X, Y) = 72p(xry) lngp(x,y), 2

where (p(x,Y)) is the joint probability distribution of X and Y and summa-
tion is over all possible states of X = x and Y = y. Mutual information
(I(X;Y) [bits]) is the reduction in uncertainty in one random variable X as
a result of knowledge of a second random variable Y and is calculated
from the joint and marginal probability distributions of X and Y as:

px,y) 3

X:) = 2p(x) log 0

Mutual information can be equivalently expressed (Cover and Thomas,
2005) in terms of the entropy of X and Y as:

I(X;¥) = H(X) + H(Y) — H(X,Y) @

We calculated the mutual information between each target hydrologic met-
ric Y and abundance of microbial taxon X in terms of their marginal and
joint entropies across study sites. To compute the information metrics, we
(i) log-transformed hydrologic metrics and ASV abundances, adding
0.001 to each hydrologic metric and unity to each ASV abundance value
to avoid taking the log of zero; (ii) standardized the log-transformed data
between zero and unity using the range of each variable, (iii) discretized
the standardized data for each X ASV abundance and Y hydrologic metric
into five evenly spaced bins. We estimated the marginal and joint probabil-
ity density functions (pdfs) with a fixed binning method to ensure that infor-
mation metrics for each variable are comparable and transparent. We
selected this fixed number of bins based on sample size and standard
deviation according to a commonly used rule of thumb (Scott, 1979). We
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computed the optimal bin size for all variables and found that it ranged
between 4 and 9 bins and was =5 bins for 95 % of the variables. For com-
parison, we computed information metrics with up to 20 bins and using
gaussian kernel densities and verified that prescribing a fixed bin size of 5
provided the most robust results for this dataset. We also note that although
the bin size and pdf estimation methods do influence entropy values, this
choice does not typically affect comparison patterns (Loritz et al., 2019)
which is the focus of this analysis. We then employed the marginal and
joint fixed-bin pdfs in Egs. (1) and (2), respectively, to obtain H(X), H(Y),
and H(X, Y). Finally, we applied eq. (4) to compute the mutual information
shared between each microbial taxon and each hydrologic metric.

To identify statistically significant relationships between microbial taxa
and hydrologic metrics, we used a shuffled surrogates method (Ruddell and
Kumar, 2009). For 1000 iterations of each pair of X and Y, we randomly
shuffled X to destroy any structure while maintaining the distribution of
the data and then computed mutual information of the shuffled data. We
considered I(X; Y) statistically significant if the value was greater than the
99th percentile of shuffled iterations.

Finally, to enable comparison of mutual information values across mi-
crobial taxa and hydrologic metrics, we normalized mutual information
scores by the entropy of the target hydrologic metrics as:

I(X;Y)

I(X§ Y)norm :W

)

The normalized mutual information value is thus the fraction reduction in
uncertainty of the hydrologic metric that comes from observing the abun-
dance of a particular microbial taxon.

To analyze patterns in hydrologic information shared with the microbial
community, we summarized mutual information in two ways: 1) median
value of normalized information across all informative microbial taxa
for each hydrologic metric, and 2) the number of informative microbial
taxa for each hydrologic metric. We define informative taxa as those with
I(X; Y)norm > 0.

We first sought to compare the value of information shared between the
streamwater microbial community and absolute versus specific discharge
and among the three major categories of hydrologic metrics: daily
discharge, mean monthly discharge, and seasonal high and low flow
durations. To compare information shared with absolute versus specific
discharge, we applied a non-parametric Mann-Whitney U test (Mann and
Whitney, 1947) to test for differences in median value of information
shared between microbial taxa and absolute versus specific discharge
metrics. We then applied a paired sample t-test to compare the number of
informative taxa for absolute versus specific discharge for each hydrologic
metric. To satisfy the parameters of a paired sample test, we assigned a
value of zero to all ASVs that did not share significant information with
hydrologic metrics. (Throughout the rest of the analysis, non-significant
values of mutual information were excluded from calculations). To
compare the strength of the relationships among the three hydrologic
categories, we applied Mann-Whitney U tests to test for differences in
median value of shared information, and one-way analysis of variance
(ANOVA) F-tests to test for differences in the mean number of informative
ASVs, across all metrics for each category (e.g., across all time lags for
daily discharge).

We performed regression analyses to analyze patterns in mutual infor-
mation between the microbial community and discharge through time for
daily discharge and mean monthly discharge. For daily discharge, we fit re-
gression functions relating the median value of shared information to the
number of informative ASVs across time lags. For mean monthly discharge,
we fit regression functions relating the median value of shared information
to the number of informative ASVs across months. We assessed model fit
with Pearson's correlation (p).

To assess how the strength of relationships with streamwater microbial
taxa may be related to discharge magnitude, we used non-parametric
Kruskal-Wallis H-tests (i.e., one-way ANOVA on ranks; Kruskal and
Wallis, 1952) to test for differences in median value of mutual information
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between high and low flow durations. We conducted a one-way ANOVA F-
test to test for differences in the mean number of informative ASVs between
high and low flow durations.

Finally, we sought to identify patterns in mutual information related to
abundance of microbial taxa across sites. We applied a non-parametric
Spearman's rank correlation (ry) to test for relationships between the
value of mutual information for each hydrologic metric and 1) total
abundance of an ASV across all sites and 2) the number of sites at which
an ASV was detected. We conducted all statistical tests at significance
level a = 0.05 using SciPy (v 1.6.2) for Python.

3. Results
3.1. Stream microbial community composition

Overall, gammaproteobacteria was the most abundant taxonomic group,
comprising 20-40 % of most stream communities we sampled (Fig. 2).
Phylum Bacteroidota was also common across all sites. The proportion of
unclassified Other microbes, often consisting of more rare taxa, was generally
greater in sites with lower daily stream discharge on the date of DNA sample
collection (Qp). Phyla Verrucomicrobiota and Actinobacteriota were, very
broadly, more common at sites with higher discharge. Alphaproteobacteria,
Cyanobacteria, and Planctomycetota were also detected in smaller numbers
across most sites.

3.2. Mutual information between microbial communities and hydrologic metrics

We calculated normalized mutual information for each ASV common to
all three watersheds for each hydrologic metric, resulting in a matrix of
256 ASVs X 76 hydrologic metrics (and area; Fig. 3). Of the 256 common
ASVs, 102 had statistically significant mutual information with at least one
hydrologic metric, and each hydrologic metric shared information with at
least one ASV. Mutual information is generally concentrated among more
abundant taxa with a notable exception. ASV 69, a Bacteroidota classified
to the lake-inhabiting genus Lacihabitans (Joung et al., 2014) shares informa-
tion with all of the absolute and nearly all of the specific hydrologic metrics.
ASV 69 demonstrates an especially strong relationship with daily discharge
(Fig. 3; Table S2). Across all absolute and specific hydrologic metrics,
9.7 % of taxa, on average, share information with a given hydrologic metric,
reducing uncertainty of that metric by a median of 15.6 %. The maximum

value of shared information is I (ASV 4;Q ) = 0.447 bits/bit, corre-
- Feb/ norm

sponding to a 44.7 % reduction in uncertainty of mean February absolute

Gammaproteobacteria Other

I Bacteroidota
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discharge by observing the abundance of ASV 4, a Gammaproteobacteria
classified to the planktonic genus Limnohabitans, the fourth most abundant
microbial taxon detected across all sites; the minimum nonzero value is
I(ASV 3;q()norm = 0.124 bits/bit. Note that this taxon and many other
informative taxa classified as Gammaproteobacteria by the Silva 3.24 data-
base are often classified as Betaproteobacteria by other databases.

Microbial taxa share more information with absolute than with specific
discharge metrics (Fig. 3). The median value of mutual information is
significantly higher for absolute versus specific discharge (I(X; Qnorm =
0.163 bits/bit vs I(X; Q)norm = 0.150 bits/bit; U = 126,985, p < 0.001).
Furthermore, a greater number of taxa share information with absolute
(28.2 = 4.1 SD) than with specific (21.4 = 5.5 SD) hydrologic metrics
(two-sample one-sided t = 6.13, p < 0.001). Because relationships with
the microbial community are so much stronger, in terms of both number
of informative taxa and median value of shared information, we focus the
remainder of the analysis on absolute discharge metrics only. (Results of
the complementary analyses of specific discharge metrics are presented in
supplementary figures S1-S3.)

In comparing mutual information between the streamwater microbial
community and the three hydrologic categories, we found that the microbial
community is, on average, more strongly related to mean monthly discharge
and typical seasonal extreme flows, in terms of median value of shared
information but not necessarily in terms of the number of informative taxa.
Median value of shared information between microbial taxa and daily
discharge (I(X;Q—-n days)norm = 0.159 bits/bit) is significantly lower
than median value of shared information for mean monthly discharge
(I(X; Qmon) gy = 0-165 bits/bit; U = 473,779, p < 0.001) and seasonal
flow durations (median I(X; Qp, )norm = 0.165 bits/bit; U = 619,418, p <
0.001). Mean number of informative taxa for each category is similar: 27.4
(+2.6 SD) taxa, 29.3 (+4.7 SD) taxa, and 28.1 (% 5.2 SD) taxa for daily dis-
charge, monthly mean discharge, and seasonal flow durations, respectively.

For daily absolute discharge, information shared with the microbial
community across all time lags up to 30 days before sampling ranges I
(ASV 47’ Q(t720 da_ys))norm = 0.127 bltS/blt to I(ASV 4; Q(t—z days))nom =
0.250 bits/bit (Table 1, Fig. 4). Median value of mutual information over
time follows a second-order polynomial function with a peak in shared
information with discharge at 16 days prior to sampling (Pearson's p =
0.73, p = 0.001; Fig. 4). The number of informative ASVs through time
also fits a second-order polynomial with a maximum number of informative
taxa for discharge at 22 days prior to sampling (0 = 0.68,p = 0.004;Fig. 4).

For mean monthly discharge, shared information across all months ranges
I(ASV 4; Qg = 0.447 bits /bit to I(ASV 24; Quan) = 0-133 bits /it
(Table 1, Fig. 5). Unlike for daily discharge, we observed no trend in
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Fig. 2. Microbial community composition by phylogenetic group for streamwater DNA samples collected in summer throughout the Deschutes (2017), Willamette (2017),
and John Day (2018) basins in Oregon, USA. Samples are presented in order of increasing discharge on the date of DNA sample collection (Q; Table S1).
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Fig. 3. Heatmap illustrating the normalized mutual information (I(X;Y),,o:m [bits/bit]) between streamwater microbial amplified sequence variants (X = ASVs) and absolute
discharge (Y = Q; top), specific discharge (Y = ¢; bottom) hydrologic metrics, as well as basin drainage area (top, bottom line), for study streams in Oregon, USA. We
collected microbial DNA samples in summer in the Willamette (2017), Deschutes (2017), and John Day (2018) basins. Hydrologic metrics include daily discharge at time
lags n days prior to DNA sample day t (Q(—n days)> G(t—n days))» mean monthly discharge (Qumons Gmon) for months October to September, and seasonal high and low flow
durations (Qp, 5, gp, s for P = 5- and 95 % exceedance probability for seasons s = fall [OND], winter [JFM], spring [AMJ], summer [JAS], and annually [Ann]).

mutual information by month (Fig. 5). Number of informative ASVs fits
a second-order polynomial with the greatest number of taxa sharing in-
formation with January mean discharge (o = 0.70, p = 0.01; Fig. 5).
Across seasons and high and low flow durations, mutual information
shared with microbial taxa ranges I(ASV 20; Qs, onp)norm = 0.130 bits/
bit to I(ASV 4; Qs, jemdnorm = 0.414 bits/bit (Fig. 6). We did not detect a
difference in shared information between high versus low flows, neither
in terms of median value of shared information nor in the number of
informative taxa.

Mutual information increases with increasing detection of microbial
taxa for all three categories of hydrologic metrics, although the relationship
is not as strong for daily discharge. For all three categories, mutual informa-
tion increases linearly with the log of abundance of a microbial taxon across
all sites for mean monthly discharge (0 = 0.42, p < 0.001), seasonal flow
durations (o = 0.37, p < 0.001), and daily discharge (0 = 0.12,p =
0.013; Fig. 7). Mutual information is most strongly correlated with the
number of sites at which a microbial taxon is detected (o = 0.49, 0.48,
0.26) for mean monthly discharge, seasonal flow durations, and daily
discharge, respectively; all p < 0.001).

4. Discussion

We detected significant relationships between summer streamwater
microbial communities and both absolute and specific (per unit area)
hydrologic metrics. Drainage area, the upslope area that drains to a point
in a stream, is one of the strongest drivers of stream discharge across time-
scales, and as such, discharge normalized by area reflects a different set of
controls than absolute discharge. Streams draining large watersheds gener-
ally respond more slowly to precipitation events because of greater infiltra-
tion rates, longer transit times, and diminishing peak event flows, usually
resulting in lower rates of discharge per unit area than might be observed
in an otherwise similar smaller watershed (Dingman, 2015). The strength
of relationships with microbial taxa was greater for absolute than for spe-
cific discharge, as indicated by both a higher median value of mutual infor-
mation and a greater number of informative taxa across absolute discharge
metrics. However, patterns in the information shared between microbial
taxa and absolute discharge appear different than patterns in information
shared with specific discharge (Fig. 3); that is, information shared with
discharge per unit area across the microbial community is not simply a
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Medians and ranges of entropy (H(Y) [bits]) and normalized mutual information (I(X; Y)/H(Y) [bits/bit]) between streamwater microbial amplified sequence variants (ASVs)
and hydrologic metrics: absolute discharge (Q [m®s~']) and specific (per unit area) discharge (q [m®*km~2s~]). We collected microbial DNA samples in summer in the
Willamette (2017), Deschutes (2017), and John Day (2018) basins in Oregon, USA. Hydrologic metrics include daily discharge at time lags up to n = 30 days prior to
DNA sample collection, mean monthly discharge for mon = all months October to September, and seasonal high and low flow durations for P = 5- and 95-perecent exceed-
ance probability and seasons s = fall [OND], winter [JFM], spring [AMJ], summer [JAS], and annually [Ann]. Catchment area is derived from the StreamStats web applica-

tion developed by the USGS (USGS, 2017).

Hydrologic metric

Information metric

Absolute discharge (Q) Specific discharge (q)
H(Y) 1n H(Y) tos
Median (Range) Median (Range)
Daily discharge 0 2.107 0.151 (0.100) 2.181 0.145 (0.092)
(Qut— 1 days)s 2 2.098 0.161 (0.120) 2.179 0.147 (0.088)
A(t—n days)) 4 2.082 0.155 (0.092) 2.185 0.148 (0.068)
6 2.078 0.158 (0.082) 2.185 0.147 (0.069)
8 2.064 0.157 (0.108) 2.150 0.147 (0.066)
10 2.052 0.163 (0.105) 2.148 0.146 (0.097)
12 2.070 0.169 (0.116) 2.136 0.143 (0.085)
14 2.093 0.166 (0.115) 2.116 0.146 (0.117)
16 2.079 0.166 (0.114) 2.073 0.148 (0.115)
18 2.091 0.157 (0.105) 2.069 0.147 (0.126)
20 2.100 0.162 (0.107) 2.062 0.158 (0.130)
22 2.065 0.164 (0.118) 2.032 0.162 (0.089)
24 2.060 0.164 (0.087) 1.960 0.155 (0.114)
26 2.079 0.163 (0.091) 2.047 0.151 (0.083)
28 2.055 0.157 (0.096) 2.041 0.151 (0.094)
30 2.055 0.157 (0.095) 2.054 0.147 (0.082)
Mean monthly discharge Oct 2.100 0.167 (0.129) 1.995 0.155 (0.078)
Q ,q9 ) Nov 2.208 0.164 (0.186) 1.972 0.172 (0.064)
mon ~mon Dec 2.174 0.161 (0.197) 1.992 0.152 (0.077)
Jan 2.150 0.158 (0.223) 2.115 0.153 (0.080)
Feb 1.925 0.185 (0.304) 2.186 0.160 (0.081)
Mar 2.003 0.164 (0.236) 2.121 0.159 (0.126)
Apr 2.024 0.164 (0.160) 2.054 0.149 (0.114)
May 2.000 0.165 (0.100) 2.103 0.145 (0.062)
Jun 2.015 0.155 (0.103) 2.100 0.144 (0.041)
Jul 1.964 0.174 (0.101) 2.142 0.151 (0.079)
Aug 2.061 0.167 (0.091) 2.122 0.149 (0.051)
Sep 2.092 0.172 (0.097) 2.114 0.146 (0.064)
Seasonal flow durations 5, OND 2.160 0.163 (0.236) 2.186 0.145 (0.060)
(Qp, 5 qp,5) 5, JFM 2.041 0.165 (0.276) 2.100 0.150 (0.127)
5, AMJ 2.056 0.154 (0.093) 2.074 0.165 (0.093)
5, JAS 1.949 0.179 (0.086) 2.076 0.150 (0.066)
5, Ann 2.012 0.171 (0.267) 2.168 0.152 (0.094)
95, OND 2.006 0.161 (0.088) 2.205 0.142 (0.047)
95, JEM 2.038 0.167 (0.166) 1.703 0.193 (0.095)
95, AMJ 2.015 0.163 (0.118) 1.946 0.155 (0.049)
95, JAS 2.067 0.165 (0.087) 2.236 0.149 (0.051)
95, Ann 2.024 0.154 (0.088) 2.169 0.151 (0.055)
Catchment area 1.81 0.157 (0.131)

characteristically lesser value of the information shared with absolute dis-
charge. Furthermore, patterns in information shared between both absolute
discharge and discharge per unit area appear independent of the patterns in
information shared with catchment drainage area (Fig. 3). The different
strengths and patterns of mutual information between microbial taxa and
absolute versus specific discharge, and that these relationships do not ap-
pear to be driven by catchment area, suggests that distinct aspects of the
streamwater microbial communities integrate information from a broad
range of complex processes and interactions.

We furthermore found that summer microbial taxa were, on average,
more informative of long-term mean monthly discharge and seasonal
flow durations than of daily discharge concurrent or up to 30-days anteced-
ent to the microbial sampling dates. The hydrologic regime of a catchment,
including typical extremes as well as average monthly or seasonal stream
discharge, is shaped by larger scale time and space characteristics, such as
climate and topographic organization of the catchment (McGuire et al.,
2005). On the other hand, daily discharge is influenced to varying degrees
by short- and moderate-timescale localized variable conditions, including
duration and intensity of recent precipitation events and antecedent soil
moisture and storage, which impact infiltration rates and water transit

times (Dingman, 2015). That the summer communities we sampled were
more informative of metrics of general hydrologic regime suggests that
these communities are shaped by broader catchment characteristics, fur-
ther supporting earlier findings connecting streamwater microbial diversity
to geomorphic and climatic characteristics of the catchment (URycki et al.,
2020). However, the summer microbial community was also informative of
recent daily discharge, suggesting that, although seasonality and static
properties of the catchment contribute to the development of characteristic
microbial communities (Crump et al., 2009), these communities also
respond to conditions at shorter timescales. Additional research on micro-
bial community dynamics at higher temporal resolution would be useful
to further test these responses.

The number of informative microbial taxa is greater for discharge
metrics in the days or months prior to DNA sampling than the day or season
of sampling. For daily discharge, this pattern suggests that informative taxa
may accumulate over time (~2 weeks in this case) as microbial communi-
ties develop in response to environmental conditions that also control
discharge. For monthly discharge, an explanation for this lag in microbial
community response is less straightforward. Given that freshwater micro-
bial communities experience seasonal shifts but return to characteristic
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Fig. 4. Median value of normalized mutual information (I(ASV; Q(— » days))norm [bits/bit]) between informative streamwater microbial amplified sequence variants (ASVs) and
daily discharge at different time lags (Q(; n days) for time lags up ton = 30 days before sample date) for study streams in Oregon, USA. Boxes show medians and interquartile
ranges; whiskers show values within 1.5 times the interquartile range. Green triangles indicate the number of ASVs with statistically significant mutual information (99 %
confidence). Dashed lines show best fit curves between time lags and median value of normalized information (red) and number of informative ASVs (green), with

Pearson correlation (r) and p-value indicated in legend. We collected microbial
(2018) basins.

core summer and winter communities (Crump and Hobbie, 2005; Crump
etal., 2009), we might expect the strongest relationships between microbial
taxa and hydrologic measures to be observed during periods when condi-
tions are similar to those when microbial communities are sampled. Our
results suggest the opposite pattern may be true. For monthly discharge,
the number of informative ASVs is greater in months more distant
(e.g., March and November) than those in which we sampled (i.e., July
and August; Fig. 5). Furthermore, although we did not observe a clear
trend in the median value of mutual information across months, the highest
values of mutual information shared between microbial taxa and monthly
discharge occur with a time lag of 4-6 months, as observed by the outlying
high values of mutual information in fall, winter, and spring months, but
not in summer (Fig. 5). One explanation for this phenomenon is that
patterns in shared information might be more related to discharge dynam-
ics (e.g., flow volume) than to temporal lags. The peak in shared informa-
tion we observed between summer microbes and winter flows might
indicate that the microbial community is more informative of higher flow

DNA samples in summer in the Willamette (2017), Deschutes (2017), and John Day

conditions, which typically occur in winter in the Mediterranean climate
of the Pacific Northwest where our study is located, than the lower flows
observed in summer when we collected DNA samples. However, the pat-
terns in shared information we identified between seasonal high and low
flows (i.e., Qs, Qos) would appear to contradict this explanation; if summer
microbes are more informative of high flows (typically winter) than low
flows (typically summer), we would expect to see more information shared
between microbial taxa and seasonal high flow durations (Qs), but we ob-
served no difference in shared information between high and low seasonal
flow durations (Fig. 6). Future research might examine whether this pattern
of greater shared information with trends in the opposite season holds
when winter microbial communities are sampled. Furthermore, consider-
ing that our results indicate that microbial communities also respond to
local environmental conditions at shorter timescales (days and weeks), it
may be that the relationships between microbial taxa and typical flow
regime are confounded by short-term perturbations to the community.
Additional research on microbial community diversity at higher temporal
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Fig. 5. Median value of normalized mutual information (I (ASV; Qyon)

norm

[bits/bit]) between informative streamwater microbial amplified sequence variants (ASVs) and

mean monthly discharge (Q,,,,) of study streams in Oregon, USA. Boxes show medians and interquartile ranges; whiskers show values within 1.5 times the interquartile
range. Purple triangles indicate the number of ASVs with statistically significant mutual information (99 % confidence). Dashed purple line shows best fit curve between
months and number of informative ASVs, with Pearson correlation (r) and p-value indicated in legend. We observed no significant relationship between month and median
value of mutual information. We collected microbial DNA samples in July and August in the Willamette (2017), Deschutes (2017), and John Day (2018) basins.
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summer in the Willamette (2017), Deschutes (2017), and John Day (2018) basin.

resolution is necessary to determine the timescale and magnitude at
which the streamwater microbial community responds to variable local
conditions.

Microbial community composition likely reflects different components
of hydrologic and ecosystem function, even within the relatively small
suite of discharge metrics we analyzed. Future work might also analyze
more closely the sets of taxa that share information with one metric versus
another, for instance daily discharge versus mean monthly discharge, and
whether and how those sets of informative taxa overlap. Investigation of
the taxonomy and phylogeny of informative taxa, coupled with analysis
of the functional roles of these taxa within the microbial community and
within the larger ecosystem, will improve our understanding of the dynam-
ics and interactions between the streamwater microbial community and hy-
drology, as well as contribute new knowledge to the fields of microbiology
and ecology, among others.

-=== Qt-n days) (r=0.12, p=10.01)

04 4 ==== Qmon (r=0.42, p <0.001)
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=
-g 0.3
0
=
)

Normalized mutual information

T T T
4

Log abundance of microbial taxa

Fig. 7. Normalized mutual information (I(ASV;Y)uorm [bits/bit]) between
hydrologic metrics and streamwater microbial taxa versus the log of abundance of
taxa in streams across Oregon, USA. We collected microbial DNA samples in
summer in the Willamette (2017), Deschutes (2017), and John Day (2018) basins.
Hydrologic metrics include daily discharge at time lags up ton = 30 days prior to
DNA sample collection (Q(—n days); green circles), mean monthly discharge Qumons
purple triangles), and seasonal high and low flow durations (Qp, 5; 5- and 95 %
exceedence probability for all seasons and annually; blue squares). Legend shows
Pearson's correlation (r) and p-value of the linear regression.

While we identified significant shared information between a number
of microbial taxa and catchment hydrology, it is impossible from this anal-
ysis to quantify the sum total informational value of the community overall.
At least some of the hydrologic information encoded within individual taxa
likely overlaps with that of other taxa (i.e., is redundant); on the other hand
it is also plausible that information encoded within different taxa is more
valuable when considered jointly (i.e., is synergistic). Future work might
enlist additional information theory metrics, such as mutual information
conditioned on a third microbial or hydrologic variable and information
decomposition (Goodwell et al., 2020; Gutknecht et al., 2021). Such
techniques can quantify joint relations and parse information types (redun-
dant, synergistic and unique) to better explore causality and broaden our
understanding of the dynamics of microbial community development and
catchment hydrology.

We evaluated possible sources of uncertainty in our results and used our
best judgment in the analysis and parameter choices required for investigat-
ing this novel type of hydrologic data. For instance, we selected only those
microbial taxa that appeared in all three major study watersheds, which
reduced our dataset from 4701 taxa to 265 taxa. We reasoned that greater
detection over a wider range of conditions would likely result in identifying
stronger, more broadly meaningful relationships between microbial taxa
and hydrologic metrics. To test this assumption, we ran the analysis over
the complete set of 4701 taxa. Analysis of the full set of ASVs resulted in
identification of many additional taxa containing very small amounts of in-
formation, but maximum and median values of shared information were
greatest among taxa that were identified in all three watersheds (Fig. S4).
Therefore, although our selection criteria may have precluded identification
of some potentially meaningful relationships, our analysis captured the
strongest relationships while also considerably reducing analytical and com-
putational complexity. Additionally, we applied a strict significance thresh-
old (a = 0.01) for mutual information values, which resulted in more robust
results. Although this conservative threshold likely resulted in the loss of
some data, it also contributes to stronger confidence in the patterns we iden-
tify. On the other hand, we opted to include some study sites with less than a
10-year period of hydrologic record (minimum = 6.9 years; Table S1) in cal-
culations of mutual information for monthly discharge and seasonal flow
durations. We determined that small differences in hydrologic statistics for
a fraction of sites would not bias our overall results and that including a
greater number of co-located hydrological and microbial observations
would strengthen the overarching insights gained from the analysis.

An important caveat of this analysis is that interpretation is confined,
both spatially and temporally, to the microbial communities we sampled.
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Collecting microbial DNA during the dry summer season offered the impor-
tant advantage of a reasonable assumption of uniform hydrologic conditions
across sites, given that precipitation inputs in the summer are typically
negligible. The assumption of baseflow conditions across sites is important
particularly for the information-theoretic approach we applied here, as the
information metrics we computed rely on joint probabilities of hydrologic
characteristics and abundance of microbial taxa across sites. Minimizing
the influence of local perturbations to hydrologic measurements and micro-
bial community assemblages thus lends additional strength to these results.
On the other hand, for these same reasons, it is not possible to extrapolate
these results beyond summer microbial communities in the watersheds we
sampled. Replicating this summer microbial community sampling and
analysis, potentially across a broader area, would increase the interpretive
power of our results. Additionally, a complementary analysis on winter (or
wet season) communities could potentially expand the interpretation of
these results, though careful study design would be necessary to meet the
assumptions of the approach we applied here.

5. Conclusions

Microbial diversity and hydrologic metrics are driven by common
processes, and we found that the relative abundance (i.e., counts) of many
microbial taxonomic groups are statistically related to all 76 hydrologic met-
rics we analyzed. An average of 9.6 % of the summer streamwater microbial
taxa we analyzed shared information with a given hydrologic metric, includ-
ing mean monthly discharge, seasonal high and low flow durations, and
daily discharge, in some cases reducing the uncertainty of a hydrologic met-
ric by >40 %. The summer microbial community shared the most informa-
tion with winter mean flows, which also coincide with high flow periods
in our study area. The microbial community also shared information with
daily discharge, most strongly at an approximately two-week lag from sam-
pling dates. Considering that a single streamwater DNA sample can yield
thousands of data points, many more than traditional hydrologic observa-
tions, our study lends further support to the value of microbial community
composition as a hydrologic observation at multiple timescales. Microbiome
analyses therefore have the potential to contribute new and complex
insights to outstanding questions in the field of hydrology, and the value
and application of these data should continue to be explored.

Supplementary data to this article can be found online at https://doi.
org/10.1016/j.scitotenv.2022.157911.
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