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ABSTRACT

Iron is required for key metabolic processes but is
toxic in excess. This circumstance forces organisms
across the tree of life to tightly regulate iron home-
ostasis. In hypersaline lakes dominated by archaeal
species, iron levels are extremely low and subject to
environmental change; however, mechanisms regu-
lating iron homeostasis in archaea remain unclear. In
previous work, we demonstrated that two transcrip-
tion factors (TFs), Idr1 and Idr2, collaboratively regu-
late aspects of iron homeostasis in the model species
Halobacterium salinarum. Here we show that Idr1 and
Idr2 are part of an extended regulatory network of
four TFs of the bacterial DtxR family that maintains in-
tracellular iron balance. We demonstrate that each TF
directly regulates at least one of the other DtxR TFs
at the level of transcription. Dynamical modeling re-
vealed interlocking positive feedback loop architec-
ture, which exhibits bistable or oscillatory network
dynamics depending on iron availability. TF knock-
out mutant phenotypes are consistent with model
predictions. Together, our results support that this
network regulates iron homeostasis despite variation
in extracellular iron levels, consistent with dynami-
cal properties of interlocking feedback architecture
in eukaryotes. These results suggest that archaea
use bacterial-type TFs in a eukaryotic regulatory net-
work topology to adapt to harsh environments.

INTRODUCTION

Iron is an essential element for almost all living organisms
as a prosthetic component of enzymes, acting as a biocat-
alyst or as an electron carrier in metabolic processes such

as respiration (1). When present in excess, iron undergoes
oxidation-reduction Fenton and/or Haber-Weiss reactions,
catalyzing the production of toxic reactive oxygen species
that disrupt cell membranes, hinder cellular functions and
damage macromolecules such as proteins, lipids and DNA
(2–6). Mechanisms of uptake, transport and storage are
therefore tightly controlled to maintain iron in the home-
ostatic range, e.g. low �M in bacteria (7).

To adapt and survive in the face of stress, cells use gene
regulatory networks (GRNs) in which transcription factors
(TFs) work together, regulating each other and stress re-
sponse systems. These networks allow nuanced control of
the transcriptional response, dynamically adjusting physi-
ology to adapt (8–10). Organisms across the tree of life have
evolved a diversity of regulatory network strategies to reg-
ulate iron homeostasis. During iron starvation in eukary-
otes such as yeast, conserved TFs such as Aft1 and Aft2
coordinately regulate genes encoding the iron regulon (11–
13). Post-transcriptional regulators such as Cth1 and 2 pro-
mote the degradation of transcripts for iron use (14,15).
In bacteria, different families of TFs each regulate specific
functions (16) such as iron homeostasis (DtxR (17)), man-
ganese uptake (Mur (18,19)) and cofactor synthesis (IscR
(20)). Fur exerts global control over iron homeostasis genes
as well as connects the iron response regulatory network to
related networks such as those responsive to oxidative stress
(16,21).

In general, transcriptional regulation in response to envi-
ronmental cues in archaea requires bacterial-type TFs (22)
that either block or activate transcription initiation with a
eukaryote-like basal apparatus (23–25). In contrast to the
wealth of knowledge in bacteria and eukaryotes, however,
the mechanisms underlying regulation of transcription, par-
ticularly for iron homeostasis, remain unclear in archaea.
Fur and DtxR family homologs are widespread in currently
available archaeal genome sequences, with the majority en-
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coding one or two DtxR homologs (26). Only four of these
homologs have yet been experimentally characterized in
various species of Euryarchaea. These DtxR proteins re-
press iron uptake transport during iron sufficiency (27–29).
Fur appears to have been inactivated by mutation or does
not appear to function in metal regulation (28,29).

Here, we use Halobacterium salinarum as a model organ-
ism to characterize the transcriptional regulatory network
regulating iron homeostasis in archaea. This hypersaline-
adapted species colonizes environments such as solar
salterns and hypersaline lakes where sodium chloride lev-
els reach saturation. Under these conditions, water evapo-
rates and iron precipitates in the form of pyrite, resulting
in immobilization and biological inaccessibility of iron and
other metals (30). When salinity decreases during rainfall,
iron levels rise. In contrast to the bacterial species (31), H.
salinarum survives under low iron conditions for months
(32), but is also robust to iron overload, experiencing nor-
mal growth in iron concentrations up to 50 times higher
than mesophilic bacteria can withstand (27,33). In previ-
ous work, we demonstrated that DtxR homologs Idr1 and
Idr2 activate and repress overlapping sets of target genes
throughout the genome as well as independent regulons
to maintain iron homeostasis (34). For example, Idr2 in-
directly controls idr1 expression and directly activates pu-
tative siderophore biosynthesis genes (34,35). A third DtxR
homolog, SirR, is required to repress Mn uptake during Mn
sufficiency and overload (27). The role of TroR, the fourth
DtxR family homolog encoded in the H. salinarum genome,
remains unknown. It therefore remains unclear how all four
DtxR TFs play a role in the maintenance of such a wide
homeostatic range of iron given the intermittent scarcity of
iron in hypersaline environments.

Based on our prior knowledge that Idr1 and Idr2 col-
laboratively regulate iron uptake genes (34), here we tested
the hypothesis that all four DtxR family TFs work to-
gether to control genes during perturbations in extracellu-
lar iron levels. We inferred the network topology based on
gene expression in knockout strains using statistical meth-
ods (ANOVA, (36)). in vivo TF-DNA binding experiments
defined direct regulatory edges in this network. The topol-
ogy of the resultant network consists of two interlocked
feedback loops. One regulatory loop is active under iron
starvation, the other under sufficiency, and the two loops
repress each other. Using Boolean logic simulations (37),
we predict bistable network dynamics under constant iron
conditions and oscillatory dynamics under fluctuating iron
regimes. The predicted dynamical behavior is supported by
knockout mutant phenotypes, including growth sensitivity
and intracellular iron concentrations quantified by mass
spectrometry during growth under iron starvation or iron
sufficiency. We discuss how such TF–TF cross-regulation
may enable enhanced buffering against perturbations in ex-
ternal iron levels, reinforcing a stable regulatory state and
allowing for physiological tolerance to a wider homeostatic
range of iron in hypersaline niches.

MATERIALS AND METHODS

Strains

All strains used in the current work were originally de-
rived from H. salinarum NRC-1 (ATCC700922). Deletion
mutants in sirR, idr1 and idr2 were previously constructed
(27,34). In the current study, an in-frame deletion in troR
was newly constructed in the �ura3 parent strain back-
ground, a uracil auxotroph, by homologous replacement
as previously described (38,39). For epitope-tagged strains
used in chromatin immunoprecipitation-quantitative poly-
merase chain reaction (ChIP-qPCR) experiments, the com-
plete sequence for each of sirR and troR plus 500 bp up-
stream of the coding sequence (to include their own pro-
moters) were fused in-frame at the C-termini to the hemag-
glutinin epitope (HA) in backbone vector pMTF-HA (40).
HA epitope-tagged strains and knockout of troR were ver-
ified by PCR using primers listed in Supplementary Ta-
ble S1 and Sanger sequencing as previously described (41).
Primers used for cloning of HA vectors are also included in
Supplementary Table S1. All strains and plasmids used in
this study are listed in Supplementary Table S2.

Growth conditions

For routine culturing, cells were first grown from single
colonies to early stationary phase (OD600 ≈ 1) in CM
medium (250 g/l NaCl, 20 g/l MgSO4·7H2O, 3 g/l sodium
citrate, 2 g/l KCl, 10g/l peptone). Cells were then pel-
leted and washed with basal salts (CM lacking peptone),
and then subcultured at initial OD600 ≈ 0.1 in Com-
plete Defined Medium (CDM) (42). In the case of iron
starvation, cells were subcultured a second time, washed,
then inoculated at 1:100 dilution into CDM iron starva-
tion medium. Prior to culturing, CDM was treated with
10 g/l Chelex resin (BioRad, Hercules, CA, USA) for at
least 1 h to eliminate trace metals, and then supplemented
with 50 �g/ml metal-free uracil to complement the �ura3
auxotrophy. For iron-replete medium, trace metals were
added to 10 �M MnSO4, 100 �M FeSO4, 0.01 �M ZnSO4
and 0.01 �M CuSO4. In the case of CDM iron starva-
tion medium, CDM treated with Chelex as described above
and supplemented with 100 �M BPS (4,7-diphenyl-1, 10-
phenanthrolinedisulfonic acid, Sigma–Aldrich). The trace
metals described above except iron were added. All salts and
trace metals added to every one of these CDM medium for-
mulations were free from contaminating metals (Alfa Ae-
sar, 99.999% purity). In the case of ΔsirR::sirR-HA and
ΔtroR::troR-HA strains for ChIP-qPCR experiments, 10
�g/ml of mevinolin (Lovostatin, A.G Scientific, San Diego,
CA, USA) was added to the medium to maintain selection
for plasmids. To avoid metal contamination, all glassware
was soaked with 0.1 N HCl overnight and then washed with
18 m� filtered ultrapure water (Picopure® Hydro System
150 II, Hydro Service and Supplies, Durham, NC, USA) be-
fore being used. For all experiments, cultures were grown at
225 r.p.m. shaking at 42◦C under ambient light. For every
experiment except growth curves, cultures were harvested in
mid-logarithmic phase (OD600 ∼0.5).
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High-throughput growth rate measurements

The Δura3 parental strain and Δidr1, Δidr2, ΔsirR and
ΔtroR deletion mutants were pre-cultured in CM and then
sub-cultured in CDM with or without iron as described
above. Upon reaching saturation, cultures were diluted to
600 nm (OD600) of 0.1 into 200 �l iron-starvation or iron-
replete medium. Growth was monitored every 30 min at
42◦C for 4 days under continuous shaking (∼225 rpm) in
a Bioscreen C microbial growth analyzer (Growth Curves
USA, Piscataway, NJ, USA). Growth measurements for
each replicate were converted to area under the curve
(AUC), also known as growth potential, using the bsd Anal-
ysis Function in the R coding environment (43,44). Growth
potential captures information about the entirety of the
growth curve (lag, log and stationary phases), therefore al-
lowing overall growth comparisons between strains (44).
Growth potential from three technical and three biological
replicates were averaged and standard error calculated using
the three biological replicate values. Significant differences
of the growth of each mutant strain compared to that of the
isogenic parent control strain were evaluated by two-tailed
paired t-test (Supplementary Table S3). Error bars in the
figures refer to the standard error of the mean.

Iron starvation survival plate assay

A total of 3 ml cultures of �ura3 parent strain, �idr1,
�idr2, ΔsirR and �troR mutant were grown in biologi-
cal triplicate in iron-replete or iron-starvation media as de-
scribed above. Subsequently, ∼10 �l of each culture was
individually spotted in serial dilutions (undiluted to 10−4)
on CDM plates without iron. Colony density was scored
and compared with the �ura3 parent strain after 4 days of
growth in the dark at 42◦C. A representative spot plate is
shown in the main text Figure 1B and the two other bio-
logical replicate plates are given in Supplementary Figure
S1.

RT-qPCR

A total of 50 ml of H. salinarum parental strain Δura3 and
knockout mutant strains were grown in metal-clean CDM
without iron as described above. A total of 2 ml of each cul-
ture at mid-logarithmic phase (OD600 = 0.3–0.5) were har-
vested by centrifugation (2 min at 16 000 × g) and frozen im-
mediately in liquid nitrogen, then stored at −80◦C. Subse-
quently, 100 �M FeSO4 was added to the remaining 48 ml of
culture, and 2 ml samples from iron-treated cultures of each
strain were collected 5, 20 and 60 min after iron re-addition.
RNA was isolated using the Absolutely RNA mini-prep kit
(Agilent Technologies, USA) and the quantity and qual-
ity of RNA extracted was determined by PCR and Agilent
Bioanalyzer as previously described (45). Three-hundred
nanograms of each extracted RNA sample was retrotran-
scribed to cDNA and quantified using the iTaq Universal
SYBR Green One Step Kit according to manufacturer’s in-
structions (BioRad, Hercules, CA, USA). To minimize han-
dling errors, all plate loading was performed robotically us-
ing a Corbitt Life Sciences system. Real-time qPCR reac-
tions were performed in an Eppendorf Mastercycler ep Re-
alPlex thermocycler for 25 cycles with the following param-

eters: 95◦C for 12 min to activate Taq polymerase, melting
for 30 s at 95◦C, annealing for 30 s at 60◦C and extension
for 1 min at 72◦C. One final extension step was added for
10 min at 72◦C. Cycle threshold (CT) was determined au-
tomatically by the Eppendorf RealPlex software. Primers
(included in Supplementary Table S1) were designed us-
ing the H. salinarum sequences from NCBI GenBank as
a DNA template in the Clone Manager software (Sci-Ed
Software) with previously described parameters (42). Speci-
ficity for the region of interest and lack of off-target an-
nealing was ensured by BLAST. Quality of the primers
was checked using Primer Star software (DNASTAR, Inc.).
Amplification efficiencies for each pair of primers targeting
each gene of interest (idr1, VNG2579G; idr2, VNG0835G;
sir, VNG0536G; troR, VNG0530G) as well as the reference
control, eif1a2 (VNG1756G) were determined by qRT-PCR
on three 10-fold serial dilutions of the same sample. These
efficiencies were used to calculate RNA enrichment relative
to the reference gene (VNG1756G) as described in (46). A
melting curve analysis was performed after each run to en-
sure the specificity of products. Each experiment consisted
of three biological replicate samples, each with three techni-
cal replicates. The significance of change in gene expression
was assessed by t-test for each gene at each time point com-
pared to that of the �ura3 parent strain (P-values provided
in Supplementary Table S3).

ANOVA modeling of network topology

RT-qPCR gene expression data were log2 transformed and
measurements for each gene were scaled to mean 0 and stan-
dard deviation 1. Gene expression measurements were di-
vided into four groups by time point (t = 0, 5, 20, 60) and
ANOVA was performed to construct the network topology
at each time point independently using the equation:

gt,i, j,k (x) = μt + αt,i + βt, j + γt,k + ε

where, gt,i, j,k(x) is the expression of gene x at time point
t. Let α, β and γ represent the effects of each of the three
other TFs on the fourth gene. i, j, k are Boolean variables
representing whether that TF is knocked out or if the wild-
type gene is present; i.e. i, j, k ∈ {0, 1}3. For example, for
expression of gene idr1 in the �troR knockout: α, β and γ
correspond to the influence of Idr2, SirR and TroR, respec-
tively. αt,1, βt,1 and γt,0 correspond to the specific parame-
ters representing the �troR mutant. ε represents indepen-
dent and identically distributed (i.i.d.) Gaussian noise. The
ANOVA model was constructed using the Python package
statsmodels (36). Source code is freely available at https:
//github.com/amyschmid/DtxR. Networks were visualized
in Cytoscape (47) with *.sif input file as given in Supple-
mentary Table S4.

ChIP-qPCR

At least two 50-ml biological replicate cultures of each
of �sirR carrying pMTF::sirR-HA and �troR carrying
pMTF::troR-HA (AKS111 and AKS112, Supplementary
Table S2) were grown in CDM with or without iron as
described above. Each plasmid-expressed gene was driven

https://github.com/amyschmid/DtxR
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Figure 1. DtxR TFs are required for normal growth under iron starvation and replete conditions. (A) Growth potential (area under the log-transformed
growth curve, AUC) measurement of DtxR mutant strains compared to the isogenic parent under iron replete (blue bars) compared to iron starvation
(orange bars) conditions. Each bar represents the data from the average of three independent biological replicates, each with three technical replicates.
Error bars represent standard error of the mean (SEM). Stars represent P-value < 0.05 based on t-tests comparing the growth of the parent strain versus
each mutant under the same iron condition (P-values listed in Supplementary Table S3). (B) Viable count survival assay. Each drop represents a 10-fold
dilution, starting with undiluted on the left. The assay was performed in triplicate for each strain, with a representative plate shown in the figure, and the
other two biological replicates shown in Supplementary Figure S1.

by its native promoter. In mid-logarithmic phase, chro-
matin crosslinking with formaldehyde was performed ac-
cording to (34). Immunoprecipitation by virtue of the HA
epitope tag was performed according to (40). ChIP sam-
ples were analyzed in technical triplicate by qPCR as pre-
viously described (34) except that iTaq Universal SYBR
Green reagents were used according to manufacturer’s in-
structions (BioRad, Hercules, CA, USA) in the Eppendorf
RealPlex instrument (see RT-qPCR above). Primers (Inte-
grated DNA Technologies, Coralville, IA, USA) amplified
multiple regions in each promoter of each gene encoding
the DtxR family TFs (two regions for promoters of each of
sirR, idr1 and idr2; three regions for troR; primer sequences
are detailed in Supplementary Table S1 and a schematic
of primer positions relative to TF-coding genes is given in
Supplementary Figure S2). Binding enrichment was quan-
tified from resultant data by normalizing CT values of am-
plicons from each promoter region to the coding sequence
of the same gene and to input DNA background (34,46,48).
Primer efficiencies were also taken into account as described
above for RT-qPCR. Binding enrichment values for mul-
tiple amplicons across biological and technical replicates
from the same promoter region were averaged and stan-
dard error of the mean calculated across biological repli-
cates. Statistical significance was determined by one-tailed
t-test comparing the log-transformed binding enrichment
distribution for each TF against the log-transformed dis-
tribution of all binding data for under the same condition
(P-values given in Supplementary Table S3).

Boolean modeling and simulation of gene regulatory network
dynamics

The final GRN topology (Figure 5) results from combin-
ing topologies for all four time points from ANOVA in-
ference into a consensus network and then pruning edges
not supported by ChIP-qPCR binding data (i.e. indirect
edges). The network topology of direct regulatory interac-
tions between the four TFs with iron input to each TF was
used to construct a synchronously updating Boolean logic

model (Table 1) written in Python. To determine the at-
tractor end points, model simulations were conducted for
all 32 possible starting states. Simulations reached a steady
state at the fourth time step (Supplementary Figure S3).
The more stringent initial logic choice of “AND” was as-
sumed for Idr1 and SirR activating inputs to sirR (Table 1,
Supplementary Figure S3 and Figure 5). To test the robust-
ness of the attractor states to differences in network logic,
simulations with all possible starting states were also run
with or logic input to sirR as well as autorepression (Sup-
plementary Figure S3C). “AND” logic between TF input
and iron was assumed at all other network nodes (Table
1 and Figure 5). Source code is freely available at https:
//github.com/amyschmid/DtxR.

Metal quantification by ICP-MS

The metal content of the media before and after cell cul-
turing, as well as the lysate of harvested cells, was deter-
mined using inductively coupled plasma mass spectrome-
try (ICP-MS) as previously described (49). In short, 200
ml of cultures of each of Δura3, Δidr1, Δidr2, ΔsirR and
�troR were grown in metal-clean CDM with and without
iron until logarithmic phase (OD600 ∼0.5–1.0). Cultures
were pelleted by centrifugation (8 min at 4500 × g) in an
Eppendorf® 5804R tabletop centrifuge. The 1 ml aliquot
of supernatant was reserved to quantify metal amounts in
the spent media. Pellets were then washed thrice in metal-
free basal salt buffer and resuspended in 800 �l picopure
water (H. salinarum is obligately halophilic and therefore ly-
ses spontaneously in hypotonic solutions). The lysates were
homogenized by 10 min of sonication with Bioruptor UCD-
200 (Diagenode, Liege, Belgium) for 30 s on/off cycles. Cell
debris was removed by centrifugation for 5′ at 4500 × g.
For ICP-MS analysis, samples were diluted 80-fold to mini-
mize salt crystals. Metal quantities were normalized to pro-
tein concentrations from lysates, which were quantified by
QubitR fluorimeter (Molecular Probes, Life Technologies).
The media and normalized lysate samples were diluted an
additional 10–15 times into 2% (vol/vol) nitric acid, incu-

https://github.com/amyschmid/DtxR
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Table 1. Boolean logic functions

Node Logic function of node activity

Logic functions (without regulated Fe uptake)
SirR Fe ∨ (SirR ∨ Idr1) ∨ ¬ Idr2
Idr2 ¬ Fe ∨ TroR
TroR ¬ Fe ∨ ¬ Sir R
Idr1 Fe ∨ ¬ TroR
Fe Fe
Logic functions (with regulated Fe uptake)
Fe Idr2 ∨ ¬ Sir R

bated at 37◦C with shaking at 250 rpm for 1.5 h, and then
centrifuged. Samples and media controls were analyzed for
cobalt (Co), copper (Cu), manganese (Mn), Nickel (Ni) and
Zinc (Zn) content on an octo-pole-based 7500ce ICP-MS
using a MicroMist Nebulizer (Agilent Technologies).

RESULTS

Four DtxR family transcription factors are required for en-
suring proper growth during iron perturbations in H. sali-
narum

By amino acid sequence homology, four TFs that be-
long to the DtxR family of proteins are encoded in the
genome of H. salinarum: SirR (VNG0530G; (27)), TroR
(VNG0536G), Idr1 (VNG2579G) and Idr2 (VNG0835G)
(34). These four paralogs show strong amino acid se-
quence conservation with one another (minimum 64%,
maximum 82% by uncorrelated pairwise distance; Supple-
mentary Figure S4A). Like DtxR family homologs of other
archaeal species (26), all four H. salinarum proteins pos-
sess two characteristic conserved domains: an N-terminal
helix-turn-helix DNA binding domain (PF01325 (50)) and
a C-terminal iron binding domain (PF02742; Supplemen-
tary Figure S4B). SirR also contains an SH3 (PF04023)
dimerization domain and a Mn2+ binding domain at its
C-terminus (Supplementary Figure S4B). All four DtxR
proteins in H. salinarum have retained the highly con-
served, characteristic iron-binding residues that change pro-
tein conformation and DNA binding affinity in bacteria
(Supplementary Figure S4C; (34,51–55)).

In order to elucidate the importance of these DtxR family
TFs in the iron starvation response, we performed growth
and survival phenotype analysis in four strains, each deleted
of one of the four TFs. According to the AUC metric
(also known as growth potential, see ‘Materials and Meth-
ods’ section and (44)), the �ura3 parent strain growth was
reduced 1.5-fold under iron starvation conditions relative
to iron-replete conditions (Figure 1A). �idr2 and �troR
mutants showed a slight sensitive growth phenotype rela-
tive to the parent strain in the presence of iron, although
this difference was only statistically significant in the case
of �troR. However, under iron starvation, both of these
mutant strains exhibited significant impairment of growth
(Figure 1A) as well as strongly reduced survival (Figure 1B)
relative to the �ura3 parent strain. In contrast, �sirR exhib-
ited significantly impaired growth under iron replete condi-
tions, but significantly improved growth relative to the par-
ent strain under iron deficiency conditions. Sensitive pheno-
types were complemented by in trans expression of a wild-

type copy of the gene encoding each TF in the correspond-
ing mutant background (Supplementary Figure S5, (34)).
�idr1 growth phenotype was statistically indistinguishable
from that of �ura3 under both conditions tested (Figure
1A and B; Supplementary Figure S1). Together these results
suggest that Idr2 and TroR play a critical role in cell growth
and survival under iron deficiency conditions, whereas SirR
is important under iron replete conditions. Idr1 may have a
redundant, minor, or balancing function in iron homeosta-
sis regulation.

Each DtxR TF influences the expression of genes encoding
subsets of the other TFs

It was previously demonstrated that Idr1 and Idr2 regu-
late the expression of the sirR gene and that Idr2 indirectly
regulates idr1 (34). Because DtxR TFs play a role during
iron stress adaptation (Figure 1), we reasoned that these
TFs might work together to regulate the iron starvation
response. To test this, we used quantitative RT-PCR (RT-
qPCR) to measure the expression of each gene encoding
the DtxR TFs in deletion strains of the other TFs (Fig-
ure 2). The Δura3, Δidr1, Δidr2, ΔsirR and �troR mutant
strains were grown under iron deficiency and expression was
measured immediately before and 5, 20 and 60 min after
the addition of 100 �M FeSO4. In the �ura3 parent strain
during iron starvation, expression of idr2 and troR genes
were induced 7- and 4-fold, respectively, and then rapidly
repressed upon iron re-addition, reaching a low steady state
level within 60 min (Figure 2A and B). In contrast, sirR gene
expression was low under iron starvation conditions and
was then gradually induced upon iron re-addition, reach-
ing maximal 4-fold induction after 1 h (Figure 2C). idr1
expression was modestly induced by iron re-addition (Fig-
ure 2D). These transcriptional changes were reflected at the
protein level under steady state conditions in cultures grown
with and without iron (Supplementary Figure S6). Taken
together, these results are consistent with growth pheno-
types (Figure 1), suggesting that Idr2 and TroR are active
during iron starvation, whereas sirR is active during iron re-
plete conditions. Idr1 appears to play minor role in variable
iron conditions.

idr2 expression was significantly lower in the �troR
knockout background, in contrast to the parent strain un-
der iron starvation conditions (P < 0.05 at 0 min time point
by t-test, Supplementary Table S3), but significantly higher
in the �sirR background (P < 0.05, Supplementary Ta-
ble S3 and Figure 2A). idr2 expression was not affected by
deleting idr1. troR expression was significantly elevated in
�sirR relative to the parent strain regardless of iron con-
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Figure 2. Gene expression analysis by qRT- PCR demonstrates that TF-DNA binding has significant effects on gene expression of TF-coding genes.
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centration and in �idr1 under iron starvation (Figure 2B).
troR expression was significantly elevated in �idr2 only at
20 min after iron re-addition. As expected from our pre-
vious transcriptomics and genome-wide binding data (34),
sirR expression was low in �idr1 in iron replete conditions,
significantly elevated in �idr2 regardless of condition, and
modestly affected by deletion of troR (Figure 2C). idr1 ex-
pression was significantly higher under iron starvation in
the �troR and �idr2 knockout backgrounds, and signifi-
cantly lower in iron replete conditions in the �sirR dele-
tion background (Figure 2D). Taken together, these results
suggest that each of the four DtxR TFs influences the ex-
pression of a specific subset of the others under certain iron
conditions.

Inferring network topology for inter-TF regulation between
DtxR family homologs in response to different iron environ-
ments

To further test the statistical significance of the effect of
TF deletions on gene expression and infer the GRN topol-
ogy among the four DtxR TFs, we constructed an ANOVA
statistical model (‘Materials and Methods’ section, (36)) at
each time point (Figure 3). In the model output, each edge
represents a significant regulatory influence (P < 0.05) of
one TF over the expression of the other. These regulatory
edges capture effects on gene expression of removing each
TF that are both direct (i.e. TF-promoter binding) and indi-
rect (e.g. other TFs, changes in cell state). We observed that
the inferred networks exhibit extensive feedback between
the four TFs. For example, at the 0 time point under iron

starvation, Idr2 is required for significant repression of sirR,
activation of troR and repression of idr1 (Figure 3). TroR
and Idr1 repress each other, and TroR feeds back to acti-
vate idr2. This 0-min time point network and those inferred
across the other time points are consistent with t-tests of
significance of gene expression in each mutant background
versus the parent strain (Figure 2, Supplementary Table
S3, see also Supplementary Table S4 for ANOVA network
edge values). One exception was SirR-mediated repression
of troR at 20 min, which was significant by t-test (Figure 2B)
but not in the ANOVA model (Figure 3 and Supplemen-
tary Table S4), suggesting that ANOVA is statistically more
stringent. In summary, the ANOVA model enabled direct
inference of network state at each time point, aiding inter-
pretation of gene expression of the four TFs in the context
of extensive and counterintuitive regulatory feedback.

Each DtxR TF binds promoters of genes encoding other
DtxR TFs in a condition-specific and TF-specific manner

ANOVA output topologies were based on the RT-qPCR
gene expression data alone and therefore represent the
union of direct and indirect regulatory influences (Figure
3). We next sought to determine the GRN topology consist-
ing only of direct regulatory influences. Previous genome-
wide transcriptomic and TF-DNA binding data showed
that Idr2 directly binds and represses the expression of the
sirR gene under iron starvation conditions (34). In con-
trast, Idr1 binds and activates sirR under iron replete con-
ditions. Here we measured the binding of TroR and SirR to
the promoters of genes encoding each DtxR TF under iron
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Figure 3. ANOVA modeling infers the gene regulatory network (GRN) from gene expression data. Each network diagram depicts the union of direct and
indirect regulatory influences inferred from gene expression data. Red arrows represent activation relationships, whereas bar-ended blue lines represent
repression relationships. Intensity of the colors of the lines represent the magnitude of the regulatory influence predicted by ANOVA (minimum value =
−1.15, maximum value = 0.84, Supplementary Table S4). Square nodes represent TFs. As in Figure 2, time points correspond to time relative to iron
addition, with 0 immediately prior to addition (i.e. iron starvation).

starvation versus replete conditions (sequences of primers
used are listed in Supplementary Table S1 and schematic of
primer positions in Supplementary Figure S2) using chro-
matin immunoprecipitation coupled with quantitative PCR
(ChIP-qPCR).

For SirR in the presence of iron, we observed significant
enrichment of binding to its own promoter (∼3.5-fold, Fig-
ure 4A; P-values of significance relative to the background
controls are listed in Supplementary Table S3) and to the
promoter of the troR gene (∼2.5-fold; Figure 4A). SirR
binding enrichment to the idr1 and idr2 promoters was not
significantly detectable above the background distribution
in the presence of iron. SirR binding enrichment was not de-
tected for any promoters in the absence of iron (Figure 4A),
suggesting the SirR activity is specific to metal replete con-
ditions. In contrast, TroR bound the idr1 (∼5.5-fold enrich-
ment) and idr2 (∼3-fold) promoters only during iron starva-
tion (Figure 4B). TroR did not bind to its own promoter or
the sirR promoter under any conditions tested. These DNA
binding results for SirR and TroR, together with those for
Idr1 and Idr2 (34), indicate that the binding activity of each
DtxR TF to specific subsets of promoters of genes encod-
ing themselves and the other TFs is stimulated under certain
iron regimes.

Boolean prediction of GRN dynamics based on direct TF–TF
regulatory influences

To determine the network topology, or architecture, of di-
rect regulatory influences of each TF over the others, we
combined edges (connections between TFs) across the four
time points of the ANOVA model (Figure 3), then pruned
edges from this topology that were not supported by ChIP-
qPCR binding data (Figure 4). For example, in the absence
of iron, Idr2-mediated repression of idr1 under iron starva-
tion (Figure 2D) is likely indirect through both SirR and
TroR because SirR represses troR, and TroR, in turn, di-
rectly represses idr1 (Figures 2D and 4). After pruning,
the resultant topology of the iron homeostasis network in

H. salinarum consists of two interlocking positive feedback
loops between the TFs (Figure 5). Specifically, one feedback
loop consists of the following edges: TroR activation of
Idr2, Idr2 repression of SirR and SirR repression of TroR.
The second loop includes SirR repression of TroR, TroR
repression of Idr1 and Idr1 activation of SirR.

In other organisms such as yeast and plants, interlocked
positive feedback loop architectures are capable of produc-
ing oscillatory dynamics in some parameter regimes and
bistability in other regimes (56–58). Both of these dynamical
properties contribute to the robustness of the system against
random fluctuations in external conditions while enabling
response flexibility (57,58). We constructed a synchronously
updating Boolean model (37) based on the DtxR TF net-
work topology in order to test for these dynamical prop-
erties (Table 1 and Figure 5). As a starting point, we as-
sumed autoactivation for SirR autoregulation. Based on the
TF activities from the gene expression (Figure 2) and TF-
DNA binding data (Figure 4, (34)), we assumed that iron
activates SirR and Idr1 but represses Idr2 and TroR regu-
latory activity (Figure 5A). Based on this regulatory logic
(Table 1), we observed two attractors: one in which Idr2
and TroR were active when iron was absent throughout the
simulation, the other in which SirR and Idr1 were active
in the constant presence of iron (Figure 5B). The attrac-
tors were observed in equal proportion for simulations from
each of the 32 possible starting states (Supplementary Fig-
ure S3A and B). These final attractor states were unaffected
by changes in regulatory logic when we simulated: (i) SirR
AND Idr1 activate sirR; (ii) SirR OR Idr1 activate sirR; (iii)
SirR autoactivation versus autorepression (Supplementary
Figure S3). However, with autorepression logic, SirR is ac-
tive at three intermediate time steps under iron starvation
conditions, which is inconsistent with data that SirR is only
active under iron replete conditions (Figures 2 and 3, (27);
Supplementary Figure S3C). The model is therefore able to
predict certain aspects of the complex logic of SirR activa-
tion. Taken together, these Boolean simulations resulting in
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two strong attractor states are consistent with a bistable sys-
tem under constant iron conditions.

Previous data suggests that Idr2 and SirR are involved
in regulating iron uptake: Idr2 induces siderophore biosyn-
thesis genes (34), which we hypothesize enables iron uptake;
whereas SirR represses the expression of putative metal up-
take genes under iron replete conditions (27). We reasoned
that the incorporation of metal uptake regulation as edges
in the network topology could enable Boolean model pre-
diction of system responsiveness to fluctuating external iron
concentrations (Figure 5C). Indeed, the additional feed-
back between iron and the GRN produced oscillations (i.e.
repeated transitions between opposing network states) be-
tween the iron starvation network state (i.e. Idr2 and TroR
active) and the iron replete network state (i.e. SirR and Idr1
active; Figure 5D). These oscillations were robust, with the
same expression dynamic patterns predicted for all of the
32 possible starting states. Oscillations were slow, taking
three time steps for a full transition to the opposite net-
work state. Taken together, the dynamics produced by this
Boolean model are consistent with the hypothesis that the
four DtxR family TFs in H. salinarum regulate each other
in multiple feedback loops, providing the checks and bal-
ances needed to maintain intracellular iron concentrations
in the homeostatic range during changes in external concen-
trations.

Transcription network model validation: iron uptake is al-
tered in TF mutants

From the GRN model together with the Boolean predic-
tions (Figure 5), we expect that knockouts of idr2, troR and
sirR should have a strong impact on iron uptake. However,
we reasoned that idr1 should have a more modest effect on
metal uptake given the relatively more extensive regulation
of SirR activity. To test this, inductively coupled plasma
mass spectrometry (ICP-MS) analysis was conducted to
quantify intracellular concentrations of iron and other tran-
sition metals. Loss of sirR led to approximately 1.5-fold
over-accumulation of intracellular iron in both iron replete

and iron-depleted media; these differences were statistically
significant in iron replete conditions (Figure 6A; P-values of
significance listed in Supplementary Table S3). In contrast,
knockout strains �idr1, Δidr2 and ΔtroR accumulated 1.5-
to 5-fold less intracellular iron than the parent strain under
both iron-replete and iron starvation conditions (Figure 6).
However, these differences were only statistically significant
in �idr2 in both conditions, and in �troR under iron star-
vation (Figure 6B). These results are strongly concordant
with the model predictions that (i) Idr2 and SirR are the
major regulators of iron uptake; and (ii) the transcriptional
regulatory network plays a major role in the maintenance
iron homeostasis under steady state conditions.

The quantification of other metals by ICP-MS showed
that the parent strain accumulates significantly higher con-
centrations of manganese (Mn) in iron-deprived conditions
than in iron replete medium (Supplementary Figure S7 and
Table S3). �idr2 is significantly impaired for Mn uptake
in iron starvation conditions. In contrast, �sirR exhibits
∼3-fold higher Mn uptake relative to the parent strain re-
gardless of iron addition. Although not statistically signifi-
cant due to the high variability in the Mn measurements in
�sirR, this result is nevertheless consistent with the hypoth-
esized role of SirR in repression of genes encoding Mn up-
take transporters (27). Although the overall levels of cobalt
(Co) and nickel (Ni) were quite close to the limit of detec-
tion (nM range), we observed significantly lower Co, Ni and
Mn uptake in �troR, lower Ni uptake in �idr1, and higher
Ni uptake in �sirR (Supplementary Figure S7). This sug-
gests that the DtxR network may also regulate the uptake
of other transition metals besides iron. Together these metal
quantification assays strongly support the transcriptional
regulatory network circuitry proposed in our model (Figure
5), which functions to maintain homeostatic intracellular
iron concentrations in response to changes in extracellular
levels.
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DISCUSSION

Here, we report a novel network comprised of four TFs that
regulates iron homeostasis and possibly other metals in ar-
chaea. Each TF except for Idr1 has an important effect on
growth under either iron starvation or iron sufficiency (Fig-
ure 1). Such homeostasis is maintained by extensive tran-
scriptional feedback between four DtxR family TFs (Fig-
ures 3 and 5), each of which regulates expression of (Figure
2) and directly binds to (Figure 4) at least one other TF. Dy-
namical modeling predicts that this network exhibits bista-
bility under constant iron conditions and oscillates between
iron replete and iron starvation states when iron levels are
allowed to fluctuate (Figure 5). Measurements of intracel-
lular iron concentrations in cells deleted of each of the four
TFs are consistent with these predictions (Figure 6).

However, because the H. salinarum network regulates the
expression of genes involved in iron uptake (34), we can-
not yet rule out that changes in internal iron content may
also affect the pools of other metals and the activity of the
TFs themselves, as has been observed for bacterial DtxR
homologs (7). Indeed, our ICP-MS data suggest that man-
ganese uptake is significantly increased during iron starva-
tion (Supplementary Figure S7), consistent with previous
reports that halophiles and other stress resistant microbes
maintain high intracellular manganese relative to iron, pro-
tecting cells against stressors such as oxidative radicals and
DNA damage (59,60). Here, we observed that the Mn:Fe
ratio is perturbed in the �sirR knockout (Figure 6 and Sup-
plementary Figure S7), and previously we showed that the
�sirR knockout mutant strain is highly sensitive to oxida-
tive stress (61). Together, these data support a regulatory
and physiological connection between Mn, Fe and oxida-
tive stress that deserves additional future attention.

Here we observed that the network of DtxR TFs regu-
late each other in an interlocking positive feedback loop
topology (Figure 5). Previous theoretical and experimental
studies of exemplar networks across eukaryotes and bacte-
ria have demonstrated that nested feedback topologies en-
able buffering against random fluctuations in external con-
ditions; for example, maintaining photoperiod length in the
fungal circadian clock during seasonal light and temper-
ature variation (62). Our Boolean simulation of network
dynamics in H. salinarum also suggest extensive buffering
against transient fluctuations in iron concentration endemic
to hypersaline environments. Mutual reinforcement of the
positive feedback by the two opposing sides of the inter-
locked loops also enables stable maintenance of a certain
physiological state, such as colony morphology in Candida
(57) or flowering in plants (56). This property is consistent
with our observation of the increased homeostatic range of
iron concentration (from ∼3 to 30 �M, Figure 6) relative
to that of bacteria (few micromolar (7,31,33)). This feature
explains the resistance of H. salinarum to iron starvation
(Figure 1, (32)), while also enabling the rapid changes in
gene expression (within 5–10 min, Figures 2 and 5). By ex-
tension, the DtxR network may remain poised to respond
to a sustained alteration in extracellular iron, as supported
by our detection of bistability in the model simulations un-
der constant iron starvation or sufficiency (Figure 5A and
B). Together, these features of the interlocked feedback loop

topology explain our observations and make important pre-
dictions for future testing regarding the dynamical proper-
ties of the iron homeostasis network in other starvation-
resistant organisms.

The results presented here are consistent with the hy-
pothesis that new TF acquisition and subsequent network
rewiring is a universally conserved mechanism across the
domains of life for increasing resistance to iron starvation
stress. For example, certain species of pathogenic fungi have
integrated a unique TF called Sef1 to the conserved fun-
gal iron network to enable positive feedback, reinforcing
iron uptake during starvation (63). Fur in pathogenic Neis-
seria bacteria regulates a novel ArsR TF family homolog,
which is required for iron starvation resistance and viru-
lence (64). In the model yeast S. cerevisiae, Cth1 and Cth2
auto- and cross-regulate each other, creating a cis/trans reg-
ulatory loop that facilitates rapid adaptation to changes
in iron availability (14). The results presented here suggest
that H. salinarum has also evolved an elaborated network
topology, enabling higher resistance to iron starvation (Fig-
ures 1 and 6) relative to those conserved across other ar-
chaea (∼75% of sequenced genomes encode only 1–3 DtxR
TFs (26)). To our knowledge, feedback loop networks com-
posed of purely transcriptional mechanisms have not yet
been observed in bacteria (65–68). More specifically, nei-
ther TF–TF regulation nor transcriptional feedback has yet
been observed for DtxR family TFs in bacteria. The H. sali-
narum network therefore represents an unusual hybrid with
bacterial-like TFs connected through eukaryote-like topol-
ogy for robust and flexible transcriptional control of iron
homeostasis.
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