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Abstract. Conceptual frameworks linking microbial com-
munity membership, properties, and processes with the en-
vironment and emergent function have been proposed but
remain untested. Here we refine and test a recent concep-
tual framework using hyporheic zone sediments exposed to
wetting–drying transitions. Our refined framework includes
relationships between cumulative properties of a microbial
community (e.g., microbial membership, community assem-
bly properties, and biogeochemical rates), environmental
features (e.g., organic matter thermodynamics), and emer-
gent ecosystem function. Our primary aim was to evaluate
the hypothesized relationships that comprise the conceptual
framework and contrast outcomes from the whole and puta-
tively active bacterial and archaeal communities. Throughout
the system we found threshold-like responses to the duration
of desiccation. Membership of the putatively active commu-
nity – but not the whole bacterial and archaeal community –
responded due to enhanced deterministic selection (an emer-
gent community property). Concurrently, the thermodynamic
properties of organic matter (OM) became less favorable for
oxidation (an environmental component), and respiration de-
creased (a microbial process). While these responses were
step functions of desiccation, we found that in determinis-
tically assembled active communities, respiration was lower
and thermodynamic properties of OM were less favorable.
Placing the results in context of our conceptual framework
points to previously unrecognized internal feedbacks that are
initiated by disturbance and mediated by thermodynamics

and that cause the impacts of disturbance to be dependent
on the history of disturbance.

1 Introduction

1.1 Conceptual foundations

Given the influence of microbes over ecosystem function,
deeper knowledge of microbe–environment relationships is
needed to improve ecosystem models (Bier et al., 2015).
In turn, there is strong interest in quantifying and predict-
ing microbe–environment relationships such as defining mi-
crobial life history strategies as traits in ecosystem mod-
els (Malik et al., 2020), assessing microbial biomass stoi-
chiometry distributions in response to changing resource en-
vironments (Manzella et al., 2019), and evaluating the ex-
tent of microbial adaptation to changing environments and
their role in biogeochemical processes (Wallenstein and Hall,
2012). To enhance and synthesize understanding of microbe–
environment interactions, it is useful to develop concep-
tual frameworks based on linkages among microbial char-
acteristics and ecosystem processes. Previous work has used
such frameworks to improve mechanistic representation and
predictive capacity of microbe–environment interactions in
ecosystem models (Wieder et al., 2015).

A recently developed framework by Hall et al. (2018)
poses a series of concepts that collectively define the in-
tersection between microbial and ecosystem ecology. Their
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framework draws attention to causal relationships between
microbial characteristics (microbial membership influences
community properties and microbial processes), which in
turn regulate ecosystem fluxes. These components can be fur-
ther modified by environmental variation, leading to cumu-
lative ecosystem processes with the potential to incorporate
relevant mechanistic links into predictive ecosystem models.
Hall et al. (2018) particularly draws attention to the need
to understand how microorganisms influence their environ-
ment by separating microbial community properties based
on community-aggregated traits (those which can be pre-
dicted using constituent taxa) and emergent properties (prop-
erties unable to be explained by constituent taxa). A powerful
element of the framework is that it applies to diverse sys-
tems spanning natural (Gilbert et al., 2018), host-associated
(Lloyd-Price et al., 2019), and built (Fu et al., 2020) en-
vironments as well as across spatiotemporal scales (König
et al., 2018). While potentially very useful, the Hall et al.
(2018) framework has seen little direct use in terms of ex-
plicitly defining and evaluating the linkages within specific
study systems (but see Manzella et al., 2019). To make full
use of and continually improve the framework, it is neces-
sary to consider different realizations and interpretations of
the proposed linkages. In the following paragraphs we detail
a modified interpretation of the framework (Fig. 1) to enable
its application to microbial communities and biogeochem-
istry associated with hyporheic zone sediments experiencing
hydrological disturbance. In turn, we use data from a con-
trolled laboratory experiment to evaluate key linkages within
the modified framework.

Our modified framework aims to refine the link between
microbial communities and ecosystem functions. As detailed
below, a couple critical elements of our modification include
(i) defining and evaluating the relative influence of commu-
nity assembly processes as an emergent community property
and (ii) proposing bi-directional links between environment
and microbial processes to indicate that environmental con-
ditions drive microbial processes, which in turn influence the
environment, and these cumulative environment-microbial
processes ultimately drive ecosystem function.

1.2 Conceptual framework development

As in Hall et al. (2018) we consider microbial member-
ship to be directly influenced by environmental conditions
(arrow 4, Fig. 1) and to underlie community-level proper-
ties (arrow 1, Fig. 1). Determining microbial membership
is relatively straightforward and uses culture-independent
(Behrens et al., 2012; Norland et al., 1995; Thompson et
al., 2017; Wagner, 2009) and culture-dependent (Bartelme
et al., 2020) techniques. Sequence-based assays using phylo-
genetic markers are routine, with DNA-based (total commu-
nity members) and RNA-based (putatively active community
members) (Barnard et al., 2015; Blazewicz et al., 2013; Car-
doso et al., 2017; Kearns et al., 2016; Shu et al., 2019; Wis-

noski et al., 2020) approaches providing the foundation to
study community properties.

While community membership is relatively straightfor-
ward, the identification of community properties that are rel-
evant to a given system and function is open to broader in-
terpretation. Here we propose using the relative influences
of deterministic and stochastic community assembly pro-
cesses (Stegen et al., 2012) as emergent properties of mi-
crobial communities that have implications for biogeochemi-
cal function (Graham and Stegen, 2017) including in ecosys-
tems experiencing environmental disturbance. Deterministic
mechanisms are associated with systematic differences in re-
productive success imposed by the biotic and/or abiotic en-
vironment, while stochastic mechanisms are associated with
passive spatial movements of organisms and birth and death
events that are not due to systematic differences across taxa
in reproductive success (Dini-Andreote et al., 2015; Stegen
et al., 2015). The relative contributions of determinism and
stochasticity can be inferred by coupling microbial commu-
nity membership and phylogeny to ecological null models
(Stegen et al., 2012, 2013, 2015; Zhou and Ning, 2017).

We propose that the relative contributions of determinism
and stochasticity are emergent properties that are greater than
the sum of the individual components (i.e., taxa) and that
are complementary to the community properties proposed
by Hall et al. (2018), such as biomass and gene expression.
Furthermore, we propose that there are feedbacks between
assembly processes and microbial membership whereby as-
sembly processes influence which taxa are found in which
abundances, but biotic interactions also influence assembly
processes. In turn, we modified the framework whereby ar-
row 1 is bidirectional (Fig. 1).

It is important to recognize that the ecological processes of
community assembly are distinct from “microbial processes”
associated with biogeochemical reactions. As an emergent
property, the relative influence of determinism and stochas-
ticity is the result of complex biotic and abiotic interactions
(Grilli et al., 2017) and also shapes cumulative microbial
processes that impact ecosystem biogeochemical functions
(Graham and Stegen, 2017) (arrow 2, Fig. 1). For example, a
stronger influence of determinism over community assembly
is hypothesized to cause higher respiration rates (a microbial
processes) due to a larger contribution of well-adapted taxa
(Graham and Stegen, 2017), though the respiration response
may vary depending on the existing community composition
and the deterministic forces exerted.

Analyses of microbial community assembly have been
widely employed across environments including soil (Bottos
et al., 2018; Dini-Andreote et al., 2015; Feng et al., 2018; Ju-
rburg et al., 2017; Sengupta et al., 2019b), sediment (Graham
et al., 2017a; Stegen et al., 2013, 2016, 2018b), marine (Star-
nawski et al., 2017; Wu et al., 2018), riverine (Chen et al.,
2019), gut (Martínez et al., 2015), and engineered (Ofiţeru et
al., 2010; Zhou et al., 2013) systems. Previous work has fo-
cused primarily on using DNA-derived membership and phy-
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Figure 1. Integrated conceptual framework. The conceptual figure (modified from Hall et al., 2018) details relationships (indicated by
numbered arrows) between cumulative properties of the microbial community (e.g., microbial membership, community assembly properties,
biogeochemical rates), environmental features (e.g., organic matter (OM) thermodynamics), and emergent ecosystem function (e.g., control
point influence (CPI)). Double-headed arrows indicate feedbacks.

logenetic data to study whole-community assembly. In con-
trast, recent studies have also used an RNA-based approach
to study the relative influence of stochasticity over the assem-
bly of the putatively active portion of microbial communities
(Jia et al., 2020; Jurburg et al., 2017). This RNA-based ap-
proach is complementary to the DNA-based approach and
may provide additional insights into shorter-term dynamic
linkages between emergent community properties and micro-
bial processes. Such linkages have not, however, been previ-
ously evaluated.

The Hall et al. (2018) framework proposes that micro-
bial processes (e.g., respiration rate) are influenced by both
microbial community properties and environmental factors.
Here we propose a revision of this structure that includes
bidirectional links between the environment and microbial
processes (arrow 3, Fig. 1). Such bi-directional links between
microbes and their environment are common (Daly et al.,
2016; Leventhal et al., 2019; Ratzke et al., 2018; Stegen et
al., 2018a) and in hyporheic zone sediments may be partic-
ularly tied to thermodynamic properties of organic matter
(Graham et al., 2018) and influenced by hydrological dis-
turbances that are common in such environments. For ex-
ample, preferential use of OM by microbial communities
has potential to alter the thermodynamic properties of or-
ganic matter pools (Graham et al., 2017a). This microbe-
driven shift in the environment could then feedback to im-

pact microbial metabolism due to the strong influence of OM
thermodynamics on biogeochemical rates (Boye et al., 2017;
Garayburu-Caruso et al., 2020; Song et al., 2020; Stegen et
al., 2018b). Bi-directional feedback between environmental
factors and microbial processes is, therefore, likely impor-
tant to the link between microbial communities and ecosys-
tem function. Fundamental knowledge of these feedbacks
and how they are modulated by hydrologic disturbances in
hyporheic zone sediments is largely unknown, however.

Within ecosystems, mechanistic associations between en-
vironmental factors, microbial properties, and microbial pro-
cesses underlie spatial and temporal distributions of biogeo-
chemical rates (Fig. 1, arrow 5). The resulting distributions
(e.g., of respiration rates) define cumulative system func-
tion and can be used to understand key phenomena such as
biogeochemical hot spots and hot moments (McClain et al.,
2003). Developing concepts and models to predict the influ-
ences of biogeochemical hot spots/moments is a major out-
standing challenge. To facilitate progress, Bernhardt et al.
(2017) proposed grouping hot spots/moments into the con-
cept of ecosystem control points that exert a disproportionate
influence on ecosystem function.

While not called out explicitly in Bernhardt et al. (2017),
the control point concept is based on the distribution of bio-
geochemical rates through space and/or time. Focusing on
the shape of rate distributions allows the notion of control
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points to be extended to the concept of control point influence
(CPI; Fig. 1, arrow 5). The CPI is a quantitative measurement
of the contribution of elevated biogeochemical rates in space
and/or time to the net aggregated rate within a defined system
(Arora et al., 2020). While proposed conceptually and stud-
ied via simulation in Arora et al. (2020), empirical measure-
ments of CPI are lacking. More generally, incorporating CPI
into a modified version of the Hall et al. (2018) framework
(Fig. 1) provides an integrated conceptualization for how en-
vironmental factors, microbial properties, and microbial pro-
cesses contribute to emergent system function.

Some elements of our modified framework (Fig. 1) are
generalizable across systems (e.g., CPI), while others (e.g.,
OM thermodynamics) may have different levels of relevance
across different ecosystem types. Here we aim to generate
fundamental knowledge of the linkages between microbial
community and ecosystem function as well as reveal how hy-
drologic disturbance may modify these linkages. While rela-
tionships between microbial community assembly and func-
tion have been evaluated, integrating the concepts of micro-
bial structure, function, assembly, and environment interac-
tions into one coherent framework has the potential to ad-
vance our understanding of the feedbacks between microbial
communities and the environment.

1.3 Study objectives

Our primary objective was to study the modified conceptual
framework in the context of variably inundated hyporheic
zone sediments exposed to different drying and wetting dy-
namics. Hyporheic zones are biogeochemically active sub-
surface domains in river corridors through which surface wa-
ter flows and can mix with groundwater (Bernhardt et al.,
2017; Boano et al., 2014; McClain et al., 2003). These zones
can have disproportionate biogeochemical impacts on river
corridors (Boano et al., 2014; Burrows et al., 2017; Demars,
2019; Fischer et al., 2005; Kaufman et al., 2017). Within
variably inundated streams (Larned et al., 2010; Romaní et
al., 2006), hyporheic zones experience extreme changes in
environmental conditions, but the consequences of this vari-
ability for microbe–ecosystem linkages is poorly known.

To mimic natural disturbances, we subjected sediments to
wetting–drying transitions and focused on a series of analy-
ses tied to our modified framework. We specifically evaluated
relationships between (i) the relative influence of stochas-
tic assembly as a community property and respiration rates
as a microbial process (Fig. 1, arrow 2) as well as (ii) en-
vironmental features and both microbial properties (Fig. 1,
arrow 4) and processes (Fig. 1, arrow 3) that underlie ag-
gregate system function (Fig. 1, arrow 5). We evaluated re-
lationships between cumulative properties of the microbial
community (membership, assembly, biogeochemical rates),
environmental features, and emergent ecosystem function by
hypothesizing that (i) stronger influences of determinism re-
sult in well-adapted microbes that will generate higher res-

piration rates; (ii) longer duration in an inundated state will
result in greater influences of stochastic assembly – due to
weaker ecological selection – and lower respiration rates fol-
lowing re-inundation due to relatively consistent abiotic con-
ditions (Birch, 1964); (iii) microbial processes are facilitated
by OM that is thermodynamically more favorable for oxida-
tion, leading to an association between respiration rates and
OM thermodynamics; and (iv) more wet–dry transitions will
increase among-replicate heterogeneity (e.g., in microbial
membership), thereby increasing CPI by increasing within-
treatment variability in respiration rates.

2 Methods

2.1 Study site and sediment collection

Hyporheic sediments were collected from the
Columbia River shoreline (approximately 46.372411◦ N,
119.271695◦W) in eastern Washington state (Fig. S1 in the
Supplement) (Arntzen, 2006; Goldman et al., 2017; Graham
et al., 2016; Slater et al., 2010; Stegen et al., 2018b; Zachara
et al., 2013) within the Hanford Site on 14 January 2019
at 09:00 Pacific standard time. Samples were aseptically
collected to a depth of 10 cm at five sub-sampling locations
within a meter to form a composite sample that was sieved
on site through a 2 mm sieve into a clean glass beaker.
Sieved sediment was stored on blue ice for 30 min while
being transported back to the laboratory. Once back at the
laboratory sediment was stored at 4 ◦C until processing into
incubation vials (see below).

The sediments were subjected to increasing temporal en-
vironmental variance (as a function of periodic wetting and
drying transitions) and evaluated for associations between
microbial membership, microbial properties, microbial com-
munity assembly, OM chemistry, absolute respiration rate
(represented in this study as O2 consumption rates), and cu-
mulative respiration rates represented as CPI. Aerobic res-
piration was chosen as the biogeochemical process since it
influences global-scale energy and material fluxes (Fatichi
et al., 2019) and because the hyporheic zone within the
field system is predominantly aerobic (Graham et al., 2016,
2017b). Detailed experimental design and methods are pro-
vided in the following paragraphs.

2.2 Experimental design

Sediments used in the batch reactors were sourced from one
homogenized sediment pool. In turn, 10 g of sediment from
the homogenized pool was added to each reactor vial. The
sample set was then split into two groups, one inundated
and the other allowed to desiccate. Desiccation was achieved
within 15–17 d. Sediments were periodically weighed to al-
low the inundated samples to be maintained at a constant wa-
ter content and to monitor the remaining samples for desic-
cation. Inundated sediments were placed on ceramic porous
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Figure 2. Experimental design of batch reactor incubations subjected to six treatment regimes of inundated (blue line) and dry (red line)
conditions. Black values on the left indicate the number of inundated–dry transitions, including the final inundation that all treatments
experienced immediately prior to the measurement of respiration. Red values on the right indicate the number of cumulative dry days (e.g.,
treatments with one or three transitions experienced 34 or 31 cumulative dry days, respectively. Transitions between inundated and dry
conditions started on day 24. All treatments were held at either an inundated or dry state prior to day 24. Treatments are ordered by the
number of days dry.

plates saturated with deionized water for weight adjustments.
These conditions were maintained for 23 d prior to the start
of dynamic moisture manipulation, from 29 January to 21
February 2019. This initial “preconditioning” period was
used to avoid measuring the immediate impacts of sampling
disturbance and to allow time for desiccation. All replicate
reactors were maintained in the dark, shaking at 100 rpm,
at 21 ◦C and were covered with a gas-permeable Breathe-
Easy (MilliporeSigma, Burlington, MA) membrane that al-
lowed for gas exchange and drying. After the precondition-
ing period in which sediments were consistently inundated
or allowed to continuously desiccate, the transition regimes
(Fig. 2) were applied to the reactors starting on 22 February
2019. We refer to the time from 22 February 2019 onwards as
the “transition period” for all treatments, even though some
did not experience transitions between being inundated and
dry. Each treatment had six to seven replicates (detailed be-
low). These regimes were designed around the number of
wet–dry transitions experienced by sediments within a given
treatment. Treatment regimes also caused variation in the cu-
mulative number of days sediments were in a drying state.
We imposed six different experimental treatment regimes
(Fig. 2) as follows.

– Zero transitions and 0 d of desiccation. Sediments were
maintained at field moisture conditions for the precon-
ditioning and transition periods. This treatment had six
replicates.

– One transition and 34 d of desiccation. Sediments were
dry during the preconditioning and transition periods
and transitioned once to the field moisture level prior to
respiration estimation. This treatment had six replicates.

– Two transitions and 4 d of desiccation. Sediments were
held at field moisture levels for the preconditioning pe-
riod and then for the first 7 d of the transition period,
then transitioned to a dried state for 4 d, and transitioned
to field moisture conditions prior to respiration estima-
tion. This treatment had seven replicates.

– Three transitions and 31 d of desiccation. Sediments
were dry during the preconditioning period and the first
4 d of the transition period, then transitioned to field
moisture levels for 3 d, then transitioned to 4 d in a
dried state, and transitioned again to field moisture lev-
els prior to respiration estimation. This treatment had
seven replicates.

– Four transitions and 8 d of desiccation. Sediments were
held at field moisture levels for the preconditioning pe-
riod and transitioned to a dried state for the first 4 d of
the transition period, then transitioned to field moisture
levels for 3 d, then transitioned to 4 d in a dried state,
and transitioned to field moisture levels prior to respira-
tion estimation. This treatment had seven replicates.

– 5 Transitions and 27 d of desiccation: Sediments were
dry during the preconditioning period and then transi-
tioned to field moisture levels for the first 3 d of the
transitions period, transitioned to a dried state for 2 d,
transitioned to field moisture levels for 2 d, transitioned
to a dried state for 2 d, and transitioned to field mois-
ture levels for 3 d prior to respiration estimation. This
treatment had seven replicates.

To avoid modifying electrical conductivity across experi-
mental treatments, sterile deionized water was added to reac-
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tors to achieve/maintain field moisture levels according to the
defined wet–dry regimes detailed above. For reactors with
sediments that were below field moisture levels, deionized
water was added to achieve field moisture levels prior to res-
piration rate estimation. Changes in the total mass of reactors
and volumes of water added during the course of the experi-
ment are provided in Table S1.

2.3 Respiration rate measurements

Laboratory incubations were performed in batch reactors
to quantify dissolved oxygen consumption rates. Borosili-
cate glass vials (20 mL) (I-Chem™ clear VOA glass vials,
Thermo-Fisher, Waltham, MA) served as incubator reactors.
Factory-calibrated oxygen sensor spots (Part# 200001875,
diameter= 0.5 cm, detection limit 15 ppb, 0 %–100 % oxy-
gen; PreSens GmbH, Regensburg, Germany) were adhered
to the inner vials of the reactor prior to sediment addition.
Detailed description of sensor adhesion and non-destructive
measurements of DO consumption using these sensors are
provided in Garayburu-Caruso et al. (2020). Vials were
grouped into six treatment regimes (explained in the previ-
ous section) representing inundation–drought transitions.

Sample processing and incubations were performed in a
laboratory at 21±1 ◦C. The reactors were monitored for 2 h,
with measurement of dissolved oxygen (DO) concentration
(µmolL−1) every 30 min. DO concentration in each biore-
actor was measured with an oxygen optical meter (Fibox 3;
PreSens GmbH) connected to a 2 mm polymer optical fiber
lined up to sense the sensor dot every 30 min. A few samples
were discarded due to sensor dots detaching from the glass
surface. Respiration rates (µmolL−1 h−1) were estimated as
the slope of the linear regression between DO concentration
and incubation time for each sample. Some non-linearity was
observed in the relationship between DO concentration and
time such that only the first four data points – time zero to
2 h – were used to fit a linear function. The slope of the lin-
ear function was taken as an estimate of respiration rate.

2.4 Microbial analysis

Post-incubation, the sediment slurry was transferred to cen-
trifuge tubes (Item#28-108 Genesee Scientific) and cen-
trifuged for 5 min at 3200 rcf and 20 ◦C. The supernatant
was removed and reserved for biogeochemistry analyses, and
sediment aliquots for DNA and RNA extraction were flash-
frozen in liquid N2 and stored at −80 ◦C. The extraction, pu-
rification, and sequencing of sediment microbial gDNA were
performed according to published protocol (Bottos et al.,
2018). The extraction of RNA was performed using the Qi-
agen PowerSoil RNA extraction kit (Qiagen, Germantown,
MD). RNA was treated with DNase and quantified with a
Qubit RNA kit (Thermo Fisher, Waltham, MA). An aliquot
of the RNA extraction was used to generate cDNA using
the SuperScript™ IV First-Strand Synthesis System (Thermo

Fisher Scientific, Waltham, MA). The 16S rRNA gene se-
quencing – for both gDNA and cDNA – followed the estab-
lished protocol by The Earth Microbiome Project (Caporaso,
2018). Sequence pre-processing, operational taxonomic unit
(OTU) assignment, and phylogenetic tree building were per-
formed using an in-house pipeline, HUNDO (Brown et al.,
2018). Sequences were deposited at NCBI’s Sequence Read
Archive PRJNA641165. The final sample count of gDNA
and cDNA, respectively, for each treatment regime, after
dropping samples following quality filtering and rarefaction,
was 5 and 5 (zero transition), 4 and 3 (one transition), 5 and
4 (two transitions), 7 and 6 (three transitions), 7 and 6 (four
transitions), and 7 and 5 (five transitions). Rarefaction levels
are provided below in the Statistics section.

2.5 Biogeochemistry

Reserved supernatant was filtered through a 0.22 µm
polyethersulfone membrane filter (Millipore Sterivex), and
an aliquot was immediately removed for non-purgeable or-
ganic carbon (NPOC), and the remainder was stored at
−20 ◦C until further OM high-resolution analysis was con-
ducted (see below). NPOC was determined by acidifying an
aliquot of sample with 15 % by volume of 2N ultra-pure HCL
(Optima grade, Fisher#A466-500). The acidified sample was
sparged with carrier gas (zero air, Oxarc# X32070) for 5 min
to remove the inorganic carbon component. The sparged
sample was then injected into the TOC-L furnace of the
Shimadzu combustion carbon analyzer TOC-L CSH/CSN
E100V with an ASI-L autosampler at 680 ◦C using 150 µL
injection volumes. The best four out of five injection repli-
cates were averaged to get the final result. The NPOC stan-
dard was made from potassium hydrogen phthalate solid
(Nacalai Tesque, lot M7M4380). The calibration range was
0 to 70 ppm NPOC as carbon.

Fourier transform ion cyclotron resonance mass spectrom-
etry (FTICR-MS) of post-incubation sediment slurry was
conducted as per Danczak et al. (2020). Sample processing;
injection; and data acquisition, processing, and analysis were
performed as per scripts provided in Danczak et al. (2020),
with “Start tolerance” in Formularity changed to 8. Ten sam-
ples were dropped due to poor calibration, resulting in five
replicates for zero transitions, four replicates for one transi-
tion, five replicates for two transitions, six replicates for three
transitions, and five replicates each for four and five transi-
tion regimes.

From the FTICR-MS data, as in previous work
(Garayburu-Caruso et al., 2020; Graham et al., 2018; Sen-
gupta et al., 2019b; Stegen et al., 2018b), we followed
LaRowe and Van Cappellen (2011) to calculate the Gibbs
free energy for the half reaction of organic carbon oxida-
tion under standard conditions (1G0

Cox). This calculation is
based on elemental stoichiometries associated with molec-
ular formulae assigned to individual molecules observed in
the FTICR-MS data. The formulae assignments are part of
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the processing scripts described in Danczak et al. (2020). As
in previous work (Garayburu-Caruso et al., 2020; Graham
et al., 2018; Sengupta et al., 2019b; Stegen et al., 2018b),
we interpret larger values of 1G0

Cox to indicate OM that is
thermodynamically less favorable for oxidation by microbes.
That is, larger values of 1G0

Cox indicate OM that provides
less net energy to a microbial cell per oxidation event, as-
suming all else is equal. Given the large numbers of assigned
formulae within each sample, this resulted in thousands of
1G0

Cox estimates within each sample, from which we esti-
mated mean 1G0

Cox for each sample.

2.6 Estimating influences of community assembly
processes

The relative influences of community assembly processes
impacting microbial community membership are emergent
properties that cannot be calculated/inferred directly from
knowledge of membership. To evaluate assembly processes
as a link between membership and microbial processes (re-
fer Fig. 1), it is necessary to quantitatively estimate the rel-
ative influences of these processes. To do so we use a well-
established null modeling framework based on phylogenetic
relationships among microbial taxa (Dini-Andreote et al.,
2015; Stegen et al., 2012, 2015; Zhou and Ning, 2017).
We refer the reader to these previous studies for details.
In brief, randomizations were used to generate estimates
of phylogenetic associations among microbial taxa for sce-
narios in which microbial communities were stochastically
assembled. These stochastic (i.e., null) expectations were
compared quantitatively to observed phylogenetic associa-
tions to estimate the β-nearest taxon index (βNTI) (Stegen
et al., 2012). We used cDNA sequences rarefied to 27 227
and gDNA sequences rarefied to 15 106 sequences per sam-
ple to determine putatively active community and whole-
community βNTI values, respectively. Samples falling be-
low these sequence counts were removed as indicated above
in Sect. 2.4 Microbial Analysis. A βNTI value of 0 indi-
cates no deviation between the stochastic expectation and the
observed phylogenetic associations, thereby indicating the
dominance of stochastic assembly processes. As βNTI de-
viates further from 0, there is an increasing influence of de-
terministic assembly processes that drive community mem-
bership away from the stochastic expectation. βNTI values
below −2 or above +2 indicate statistical significance, with
negative and positive values indicating less than or more
than expected shifts in membership. βNTI is a pairwise met-
ric measured between any two communities and/or samples,
such that shifts in membership are related to changes be-
tween the pair of communities being evaluated. We used
βNTI to study all pairwise community comparisons within
each experimental treatment. Each community from a given
reactor is therefore associated with multiple βNTI values
due to being compared to communities associated with other
replicate reactors. In turn, the average βNTI was calculated

for each reactor. As in Stegen et al. (2015), this provides a
community-specific value for βNTI and thus an estimate of
the relative influences of stochastic and deterministic pro-
cesses causing deviations between a given community and
all other communities within the same experimental condi-
tions (Sengupta et al., 2019b). That is, the larger the absolute
value of βNTI for a given community, the stronger the in-
fluence of deterministic assembly processes acting on that
community (Stegen et al., 2015). In turn, these community-
specific estimates were related to reactor-specific measure-
ments. For example, respiration rates were regressed against
βNTI to evaluate the link between emergent properties (i.e.,
ecological assembly) and microbial processes (i.e., respira-
tion rates).

2.7 Evaluating relationships between microbial
characteristics and environment

Respiration rate distributions, absolute βNTI values, and
1G0

Cox were summarized as box plots. A pairwise Mann–
Whitney test was performed to evaluate statistical differ-
ences between reactor-specific measurements (e.g., respi-
ration rates and thermodynamic properties) and treatment
groups (cumulative dry and inundated days). Continuous
bivariate relationships were evaluated with ordinary least-
squares regression. Prior to regression analyses, respiration
rates were log-transformed due to non-linearities resulting
from respiration being constrained to be at or above zero.
Prior to log-transformation, half the smallest non-zero rate
was added to each rate to enable inclusion of rate estimates
with a value of zero.

2.8 Control point influence calculation

To characterize respiration rate distributions, we used the
control point influence (CPI) metric. CPI was recently de-
veloped (Arora et al., 2020) and is defined as the fraction of
cumulative function (Rtot; e.g., total respiration rate) within
a defined system that is contributed by individual rates that
are above the system’s median rate (Rmed). To define cumu-
lative function one must first define the system being evalu-
ated. In our study, all replicate batch reactors within a given
experimental treatment were conceptualized as a representa-
tive set of samples from a larger system experiencing the ex-
perimental conditions. Rtot for each treatment was therefore
estimated as the sum of respiration rates across a treatment’s
replicate reactors. CPI was estimated as the sum of respira-
tion rates that fell above the median rate for a given treatment
(Rabove) divided by Rtot for that treatment. That is, Rabove =∑N
i Ri , where Ri denotes respiration rates from individual

reactors that fell above Rmed, and CPI= Rabove/Rtot.
An important feature of CPI is that it makes no assump-

tions of distribution normality and can be estimated for rate
distributions of any form (e.g., unimodal, multimodal, Gaus-
sian, skewed). In most cases, CPI is constrained to have a
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minimum value of 0.5 (for a perfectly normal distribution
with no outliers) and asymptotically approach 1 as a max-
imum value (e.g., for heavily skewed distributions with a
small number of very high rates). CPI therefore quantita-
tively estimates the biogeochemical contribution of places in
space or points in time that have elevated biogeochemical
rates.

Understanding how CPI varies through space, time, and
with environmental conditions (e.g., disturbance frequency)
provides an opportunity to deepen our understanding of fac-
tors controlling hot spot/moment behavior. Lower values of
CPI (i.e., closer to 0.5) can arise through any mechanism
that constrains biogeochemical rates to be consistent through
space or time. For example, if respiration rates were mea-
sured in multiple locations across a well-mixed water body,
we may expect a Gaussian rate distribution with little vari-
ation. The cumulative respiration of the water body should
not be influenced significantly by hot spots, which would
be reflected in low CPI. Conversely, higher values of CPI
(i.e., closer to 1) can arise through any mechanism that in-
creases the probability of positive outliers within a given rate
distribution. Spatial variation in the temporal dynamics of
disturbances (e.g., more frequent disturbances in some lo-
cations) is an example that is closely aligned with our exper-
imental treatments. In this case the probability of rate out-
liers (i.e., hot spots) may vary as a function of disturbance
frequency. For example, in spatial domains that experience
more wetting–drying dynamics we might expect a higher
probability of rate outliers. This is because each time sedi-
ments go dry the exact spatial distribution of water films that
remain will vary across locations within the broader wetted–
dried spatial domain. In turn, we would expect higher val-
ues of CPI in spatial domains that are more frequently wet-
ted and dried. Regardless of whether this specific hypothesis
is rejected or not, we contend that using CPI enables devel-
opment of a priori quantitative hypotheses spanning space,
time, environmental conditions (e.g., disturbance frequency),
and scales. This provides new opportunities to more sys-
tematically elucidate factors governing the influence of hot
spots/moments.

3 Results

To link microbial membership to emergent microbial com-
munity properties (Fig. 1, arrow 1), we used null modeling
to estimate the contributions of stochastic and deterministic
community assembly. Results from the null models indicate
a relatively balanced mixture of stochasticity and determin-
ism for both the whole community (gDNA-based) and puta-
tively active community (rRNA-based) (Fig. S2 in the Sup-
plement). More specifically, stochasticity and determinism
each governed 50 % of turnover in microbial membership for
the whole community and 33 % and 67 %, respectively, for
the putatively active community. The relative contributions

of the two deterministic components (homogeneous and vari-
able selection) were strongly imbalanced. Homogeneous se-
lection was responsible for 94 % and 91 % of the determin-
istic component for the whole and putatively active commu-
nities, respectively. The contributions of homogeneous and
variable selection to the deterministic component must sum
to 1, such that the variable selection was responsible for 6 %
and 9 % of the deterministic component for the whole and
putatively active communities, respectively.

As shown in Fig. 1 (arrow 2), we hypothesized a link be-
tween microbial community properties and microbial pro-
cesses realized as a relationship between the strength of de-
terminism and respiration rates. Such a relationship was not
observed for the whole community (Fig. 3a), but we did ob-
serve a non-linear decreasing relationship between respira-
tion rates and the absolute value of βNTI for the putatively
active community (Fig. 3b). The direction of this relationship
(negative) was opposite of that expected, and the relationship
was clearly structured by among-treatment shifts in both res-
piration rate and βNTI (Fig. 3b).

In our conceptual framework there are multiple ways in
which connections among the environment, microbial prop-
erties, and microbial processes may be realized, in part due
to the environment having multiple components relevant to
our study (Fig. 1, arrows 3, 4). More specifically, the envi-
ronment was characterized here in terms of both disturbance
(number of dry days, imposed by the experimental manipula-
tion) and OM thermodynamics (1G0

Cox; this is an emergent
aspect of the environment).

Disturbance influenced both microbial properties and pro-
cesses. These influences appeared to be non-linear with ex-
perimental treatments associated with the two largest number
of dry days (31 and 34) causing decreases in respiration rates
(Fig. 4a) and stronger influences of deterministic homoge-
neous selection for the putatively active community (Fig. 4b).
Disturbance had no clear influence on community assem-
bly for the whole community (Figs. S3 and S4a in the Sup-
plement). Given the apparent binary nature of these results,
we evaluated statistical significance by combining respira-
tion rate data from treatments with 0–27 cumulative dry days
and separately combining data from treatments with 31 or 34
cumulative dry days (Fig. S5 in the Supplement). Respiration
rates were significantly depressed in the treatments associ-
ated with 31 or 34 cumulative dry days (W = 5, p < 0.001).
The βNTI data are non-independent due to being based on
all pairwise comparisons within a treatment. Standard statis-
tical tools are therefore not applicable for assigning statistical
significance when comparing βNTI distributions. However,
as shown in Figs. 4b and S4b in the Supplement, there is an
obvious shift to lower βNTI values for the putatively active
community in the treatments with 31 or 34 cumulative dry
days.

The other aspect of the environment examined here (i.e.,
OM thermodynamics) also had significant relationships with
both microbial processes (Fig. 1, arrow 3) and properties
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Figure 3. Natural-log-transformed respiration rates (i.e., O2 con-
sumption) as a function of the absolute value of βNTI for (a) whole
communities or (b) putatively active communities. Larger absolute
values of βNTI indicate stronger influences of deterministic assem-
bly. Nonlinearity was observed because the respiration rate has a
lower limit of 0 such that its relationship with βNTI was fit as a
negative exponential function. The significant regression model is
shown as a red line, and statistics are provided on each panel. Treat-
ments with 0, 4, 8, or 27 d dry are shown in purple. Treatments with
31 or 34 d dry are shown in orange.

(Fig. 1, arrow 4). More specifically, respiration rates de-
creased significantly as a negative exponential function of
increasing 1G0

Cox (R2
= 0.34; p = 0.001; Fig. 5a). This in-

dicates a decrease in respiration rate as OM thermodynamic
properties shifted towards lower favorability for oxidation
(i.e., larger values of 1G0

Cox). Similarly, we found that the
strength of deterministic assembly associated with the pu-
tatively active community increased linearly with 1G0

Cox
(R2
= 0.40; p = 0.001; Fig. 5b). The relationships were

clearly structured by among-treatment shifts in respiration
rate, βNTI, and favorability of organic matter (1G0

Cox). The
strength of deterministic assembly associated with the whole
community was unrelated to 1G0

Cox (p = 0.64) (Fig. S6 in
the Supplement).

Figure 4. Boxplot representations of respiration rate (a) and pu-
tatively active community βNTI (b) distributions as a function of
the cumulative number of days reactors were in a dried state. Each
value along the horizontal axis represents a different experimental
treatment. On both panels the right hand axis provides estimates
of control point influence (blue circles and lines) across the treat-
ments. Horizontal red lines in (b) indicate significance thresholds;
values below −2 indicate deterministic homogenous selection, val-
ues above +2 indicate deterministic variable selection, and values
between −2 and +2 indicate stochastic assembly.

The conceptual model described in Fig. 1 focuses primar-
ily on connections among environmental and/or microbial
attributes, but there are potentially important relationships
within attribute categories. In particular, within the environ-
mental category there is the potential for an influence of dis-
turbance on OM thermodynamics. Such an effect was found
for OM thermodynamics as measured by 1G0

Cox (Fig. 5c).
Using the same approach as for analyses described above, we
combined data for treatments with 0–27 cumulative dry days
and compared that distribution to data combined across treat-
ments with 31 or 34 cumulative dry days. A Mann–Whitney
test comparing these distributions confirmed a significant
change in the 1G0

Cox distribution (W = 189, p =< 0.001)
(Fig. S7 in the Supplement).

The last component of the conceptual model considered
here is the connection between microbial processes occur-
ring in a given location and cumulative system function that

https://doi.org/10.5194/bg-18-4773-2021 Biogeosciences, 18, 4773–4789, 2021



4782 A. Sengupta et al.: Disturbance triggers non-linear microbe–environment feedbacks

Figure 5. Microbial processes and properties as a function of OM
thermodynamics as well as impacts of disturbance on OM thermo-
dynamics. (a) Respiration rates (natural log transformed) decreased
with decreasing favorability for oxidation (larger values of1G0

Cox).
(b) The strength of deterministic selection measured as the absolute
value of βNTI increased with decreasing favorability for oxidation.
Regression models are shown as red lines, and statistics are pro-
vided on each panel. (c) Boxplot representations of the distributions
of OM thermodynamics across experimental treatments. Significant
increases were observed for treatments with 31 or 34 cumulative dry
days. See text and Fig. S7 for a description of statistics. Treatments
with 0, 4, 8, or 27 d dry are shown in purple. Treatments with 31 or
34 d dry are shown in orange.

aggregates across locations (Fig. 1, arrow 5). It is at the sys-
tem level that the influence of biogeochemical hot spots (or
hot moments) can be evaluated. We conceptualized an ag-
gregate system as the collection of replicate batch reactors
within a given experimental treatment. Based on this defini-
tion, we estimated control point influence (CPI) as a mea-
surement for the influence of biogeochemical hot spots. We
observed a large amount of variation in CPI across exper-
imental treatments, but there was no clear, direct influence
of the treatments on CPI (Fig. 4). The largest value of CPI
observed (> 0.9) was associated with the treatment that im-
posed 31 cumulative dry days. This treatment also had the
lowest median respiration rates across all treatments (Fig. 4).
We did not find any significant relationship (p > 0.70) be-
tween within-treatment community compositions (whole and
putatively active) and CPI, suggesting that within-treatment
beta-dispersion of the community is not a better predictor of
CPI.

4 Discussion

Mechanistic evaluation of microbe–environment interac-
tions is fundamental to understanding microbe-mediated
ecosystem function. Inspired by a microbe–environment–
ecosystem framework proposed by Hall et al. (2018), we pro-
posed and evaluated a modified framework linking micro-
bial characteristics (membership, emergent properties, pro-
cesses), the environment (disturbance, OM thermodynam-
ics), and cumulative ecosystem function (CPI) of hyporheic
zone sediments. Our results provide clear support for the
overall conceptual framework and further point to an itera-
tive loop among OM thermodynamics, respiration rates, and
microbial community assembly that can be initiated by ex-
ternally imposed disturbance. Furthermore, our results indi-
cate that the iterative thermodynamics–assembly–respiration
loop may be initiated through threshold-like impacts of dis-
turbance that were observed only after 31 or more cumulative
days of desiccation.

We first evaluated emergent community properties as a
function of microbial membership by studying the relative
influences of stochasticity and determinism over community
assembly. Taking this approach, we found fully balanced
stochastic–deterministic influences over the whole commu-
nity, in which each contributed to 50 % of the variation in
community composition. The relative influences of stochas-
ticity and determinism have been quantified for many micro-
bial systems and the estimates are highly variable (Tripathi
et al., 2018; Wang et al., 2013). In addition, within the deter-
ministic component of assembly, homogeneous selection had
a far greater influence than variable selection. Previous work
has also observed a broad range of contributions from homo-
geneous and variable selection (Fillinger et al., 2019; Gra-
ham et al., 2016; Li et al., 2019; Sengupta et al., 2019a; Whit-
man et al., 2018). As such, the assembly-associated outcomes
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observed here for the whole community are not unexpected
relative to previous work. Very few studies, however, have
examined the relative influences of different assembly com-
ponents over putatively active microbial communities. This
focus is critical in our framework since many microorgan-
isms are inactive while the active community remains sensi-
tive to abiotic stresses and contributes to ecosystem function.

For the putatively active communities we found that across
all treatments both stochasticity and determinism were im-
portant, though deterministic assembly had greater influ-
ence. This deviates quantitatively from the whole commu-
nity in which the influences of stochasticity and determinism
were more balanced. The difference in assembly influences
in whole and putatively active communities is likely driven
by the duration of the imposed experimental treatments (2
weeks). This time period may not be sufficient for birth and
death events to restructure the community composition. In-
stead, physiological responses as a function of decreases and
increases in microbial activity (changes in cDNA signatures)
are more likely. A stronger disturbance (e.g., imposing the
treatments for a longer period of time) may provide further
insights into the impacts of disturbance on the whole com-
munity (e.g., evident as changes in gDNA signatures). Con-
sistent with the whole-community results, however, was the
dominance of homogeneous selection within the determinis-
tic component of assembly.

The strong influence of homogeneous selection is likely
due to selection-based constraints imposed by aspects of the
experimental system that did not vary across treatments. For
example, mineralogy is known to strongly influence micro-
bial communities (Boyd et al., 2007; Carson et al., 2009;
Doetterl et al., 2018; Fauvel et al., 2019; Mauck and Roberts,
2007; Stegen et al., 2016) and was homogenized across the
experimental batch reactors, thereby potentially imposing
homogeneous selection on both the whole and putatively ac-
tive communities.

Our study uniquely evaluates null-model outcomes of pu-
tatively active community assemblies in hyporheic zone sed-
iments, where homogeneous selection was further enhanced
by our experimentally imposed hydrologic disturbances. In-
creased homogeneous selection in response to disturbance is
consistent with previous work in aquatic (Chase, 2007) and
soil systems. For example, in a soil system, disturbance led to
an immediate increase in homogeneous selection for the pu-
tatively active community (Jurburg et al., 2017). The strong
influence of homogeneous selection on the putatively active
community is not always observed, however, suggesting it
may be tied to acute disturbance. That is, Jia et al. (2020) re-
cently found that within a natural soil chronosequence, vari-
able selection was stronger for putatively active communi-
ties while homogeneous selection influenced the whole com-
munity assembly. Our results combined with these previous
studies indicate that community assembly of putatively ac-
tive members may be more closely linked to short-term envi-
ronmental change than assembly of the whole community.

In addition to being more sensitive to disturbance, we
find that assembly of the putatively active community was
more strongly tied to microbial processes (i.e., respiration
rate) than was the whole community. A strong link between
biogeochemical rates and the putatively active community
is consistent with previous studies (Freedman et al., 2015;
Levy-Booth et al., 2019). More specifically, we observed a
negative relationship between respiration rate and absolute
values of βNTI for the putatively active community but no
relationship for the whole community. The direction of this
relationship is opposite to our hypothesis. While stronger se-
lection should remove mal-adapted individuals, leading to
higher biogeochemical rates (Graham and Stegen, 2017), in-
creased selection in our experiment was imposed by distur-
bance that appeared to directly suppress respiration rates due
to desiccation (Baldwin and Mitchell, 2000; Manzoni et al.,
2012). The simultaneous suppression of respiration and im-
position of stronger selection in treatments with 31 or 34 d
of dry conditions (Fig. 3b) led to the negative relationship
between respiration and the strength of selection. The lack
of such relationships when considering the whole commu-
nity indicates that a greater focus on assembly dynamics of
putatively active communities could reveal new insights into
the multi-component linkages among microbes, the environ-
ment, and function.

Disturbance also impacted OM thermodynamics and res-
piration rates, potentially initiating an iterative loop among
microbial assembly, microbial processes, and the abiotic en-
vironment. In this iterative loop the direction of causation be-
tween OM thermodynamics and microbial processes (Fig. 1,
arrow 3) is not clear due to feedbacks, though we interpret
a direction of causation from OM thermodynamics to mi-
crobial properties in terms of community assembly (Fig. 1,
arrow 4). As such, there may be a loop between OM thermo-
dynamics and microbial processes (i.e., respiration) embed-
ded in a larger loop that also includes microbial properties
(i.e., community assembly). Such feedbacks are inherent in
complex systems and often lead to non-linear dynamics as
observed here in terms of the threshold-like impact of desic-
cation on multiple system components (Pérez Castro et al.,
2019; Prosser and Martiny, 2020).

As key elements of the inferred system of feedbacks,
the links among OM thermodynamic properties, respiration,
and desiccation found here are consistent with recent work
tied to the same field system. That is, Garayburu-Caruso et
al. (2020) also showed decreasing aerobic respiration with
decreasing favorability for oxidation (i.e., larger values of
1G0

Cox) using sediments sourced ∼ 2 years previously from
the same field system. In addition, the impacts of desicca-
tion found here are similar to Goldman et al. (2017) af-
ter re-inundation. This impact of desiccation on respiration
contrasts with the Birch effect (Birch and Friend, 1956) in
soils whereby desiccation followed by re-wetting leads to en-
hanced respiration. The consistency across hyporheic zone
studies and deviation from classical soil phenomena point to
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potential consistency in governing processes within the hy-
porheic zone that deviate from processes operating in soil
systems. Further evaluation is needed across additional hy-
porheic zone systems to rigorously evaluate this inference,
however.

In addition to linkages between the environment and mi-
crobial aspects of the system, our study revealed connec-
tions within the environmental components of the conceptual
framework. That is, greater cumulative desiccation caused an
increase in 1G0

Cox, indicating a significant change in OM
thermodynamics (Fig. 5c). While our data cannot pinpoint
governing mechanism(s), we hypothesize that the1G0

Cox re-
sponse may have been tied to increased ion concentration fol-
lowing desiccation. For example, OM chemistry may have
been altered due to changes in abiotic sorption, limitations of
microbially accessible C due to water potential constraints,
and/or osmolyte production and formation of extracellular
polymeric substances (Fierer et al., 2003; Gionchetta et al.,
2020; Homyak et al., 2018).

Irrespective of mechanisms, the shift in OM thermody-
namics in response to desiccation was associated with a de-
cline in respiration. We infer a causal connection between
OM thermodynamics and respiration, potentially triggered
by desiccation-driven shifts in OM chemistry and/or micro-
bial physiology. This causal connection is supported by re-
cent work (Garayburu-Caruso et al., 2020) and the observa-
tion of a continuous function between1G0

Cox and respiration
rate that transcended experimental treatments. Desiccation
therefore likely influences and may even initiate an iterative
loop among OM thermodynamics, microbial assembly, and
biogeochemistry that underlies cumulative system function.

Cumulative system function can often be driven by ecosys-
tem control points (Bernhardt et al., 2017), but we observed
relatively little indication of such behavior. That is, estimates
of control point influence (CPI) were relatively low across
most treatments. CPI is theoretically constrained to range
from 0.5–1, with lower values indicating smaller influences
of control points. In our study, all but one treatment had CPI
between ∼ 0.5 and 0.7. The associated distributions of res-
piration rates did not contain obvious outliers such that we
interpret CPI values in the 0.5–0.7 range to be relatively low
and not strongly influenced by control points or biogeochem-
ical hot spots/moments (McClain et al., 2003). The treatment
with 31 cumulative days of desiccation diverged from the rest
in having a CPI value of ∼ 0.9. This large CPI was due to a
single outlier (Fig. 5a) such that most of the cumulative respi-
ration across reactors was contributed by that single reactor.
We interpret that single reactor as a biogeochemical hot spot
or control point within that experimental treatment. It is un-
clear, however, what led to such behavior as disturbance did
not have any systematic influence on CPI.

A strength of CPI as a metric is that it allows for direct
quantitative comparisons across studies, systems, and scales.
Ours is the first study to estimate CPI, however, such that we
cannot yet make comparisons to previous work. Through fu-

Figure 6. Integrated conceptual interpretation of results from this
study. Collectively, our results indicate that the external forcing im-
posed by disturbance leads to feedback between assembly of the
putatively active community and respiration rates that is modulated
by coupled dynamics in organic matter thermodynamics. Relative
to Fig. 1, here external and internal aspects of the environment are
separated. The arrows within the internal dynamics component are
analogous to arrows 2, 3, and 4 in Fig. 1. The arrow from external
to internal is not considered in Fig. 1 and represents the impact of
external forcing on all aspects of the internal system. These impacts
are both direct effects of disturbance and indirect effects mediated
through the internal feedback that collectively lead to impacts of
re-wetting that are contingent on desiccation history.

ture comparisons it will be possible to evaluate the strengths,
weaknesses, and behavior of CPI. We expect that some pat-
terns may emerge such as CPI having a greater likelihood to
reach very high values (near 1) in systems with relatively low
rates on average. In these conditions, even a modest quanti-
tative increase in biogeochemical rates can lead to a large
proportional change such that most cumulative function is
from a single point in space and/or time, resulting in large
CPI. We also expect that some biogeochemical processes will
show greater variation in CPI than others, potentially due to
variation in degree of functional redundancy (Louca et al.,
2018). For example, processes such as respiration can be per-
formed by numerous microbial taxa (i.e., there is high func-
tional redundancy), while others are more constrained to a
relatively small number of taxa (e.g., ammonia oxidation).
We hypothesize that CPI may be lower on average and less
variable across systems and scales for biogeochemical pro-
cesses with greater functional redundancy. Additional work
will be needed to test this hypothesis.

5 Conclusions

In this study we coupled intrinsic characteristics of natural
hyporheic zone sediments with imposed constraints in the
form of desiccation to evaluate an a priori conceptual frame-
work modified from Hall et al. (2018). Our results demon-
strated strong and often non-linear connections among des-
iccation, OM thermodynamics, assembly of the putatively
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active microbial community, and respiration rates. Collat-
ing our results points to further modification of the frame-
work into an a posteriori conceptual model containing nested
feedback loops (Fig. 6). This conceptual model is consis-
tent with the recently proposed unification of microbial ecol-
ogy around the concepts of external forcing, internal dynam-
ics, and historical contingencies (Stegen et al., 2018a). That
is, we hypothesize that external forcing imposed by desic-
cation initiates multiple internal loops that drive biological
and chemical dynamics that, in turn, underlie respiration re-
sponses to re-wetting that are contingent on desiccation his-
tory. The development of conceptual models such as this is
key to incorporating additional mechanistic detail into pre-
dictive simulation models (e.g., reactive transport codes). We
encourage further evaluation and improvement of both our a
priori and a posteriori concepts across environmentally di-
vergent conditions to generate knowledge that is transferable
across systems.
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