Supplementary Information
SI Figure 1: Genomic context of putative retinal-free opsins.
Representative genomic contexts of Group A (A) and Group B (B) RFOs. Genome context was
visualized in JContextExplorer (Seitzer et al, 2013). HP = hypothetical protein/unknown,
Aminotransferase = serine-pyruvate aminotransferase/archaeal aspartate aminotransferase, ST =
signal transducer, RFO = retinal-free opsin, ABC = ABC transporter ATP-binding protein, ATH =
acyl-CoA thioester hydrolase, UDP-diP = undecaprenyl-diphosphatase. B1/2/4 = Flagellin B1/
B2/B4 precursor, FOP = conserved fla operon protein, MACP = methyl-accepting chemotaxis
protein, W = CheW, G = FlaG, CP = conserved che operon protein/chemotaxis protein, Soj =
sporulation initiation inhibitor protein.
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SI Figure 2: Novel extracellularly accessible binding pocket predicted for RFOs.
Output visualizations from CAVER (Chovancova et al, 2012) showing predicted novel
extracellularly accessible binding pocket and internal tunnel network for top five structural
models predicted for Hrr. distributum ELZ45759, Nab. magadii WP_004267173, Nbt. gregoryi
WP_005575895.
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SI Figure 3: Phylogeny of Microbial type 1 opsins (expanded).
Unrooted maximum-likelihood phylogeny of all microbial (type 1) opsins obtained by BLASTp
searches of NCBI’s nr and env_nr databases using canonical haloarchaeal opsins as queries. Tree
inferred using FastTree (Price et al, 2010) and ComparetoBootstrap.pl (Price) using 500
bootstrap replicates generated with SeqBoot (Felsenstein, 2005). Sequences lacking the Schiff
base lysine (K216) are colored red. Tree file can be accessed at [Data Dryad link]. (Large image
uploaded separately.)
SI Figure 4: Phylogeny placing Trametes versicolor haloarchaeal-type RFO.
Unrooted maximum-likelihood phylogeny of sequences used for Fig 2C plus the single
recovered haloarchaeal-type RFO from outside of the Haloarchaea. Tree inferred using FastTree
(Price et al, 2010).
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SI Figure 5: Phylogeny of haloarchaeal opsins (expanded).
Phylogenetic tree of 170 haloarchaeal opsin proteins constructed using Bayesian inference with
MrBayes. Abbreviations as in Fig 1. Tree file can be accessed at [Data Dryad link]. (Large image
uploaded separately.)

SI Figure 6: Expression vectors.
Plasmid maps of heterologous expression vectors pDJLCHIS and pMTFCHIS2. Vectors differ
only in promoter driving expression of inserted gene. Pfdx = ferredoxin promoter, Pbop = bop
promoter. Plasmid sequences available at [Data Dryad link].
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SI Figure 7: Virtual ligand screening.
A Histograms for solvent accessible surface area ranges [Å]2 for compounds with binding
energies less than -9 kcal/mol.
B idock binding energies for 229,358 ligands from natural product space. Compounds with
binding energies less than -9 kcal/mol were selected for further analysis.
C Representative compounds identified during virtual compound screening. These compounds
include naphthoquinones, nitrogen-containing heterocycles and a number of sesquiterpenes. The
name or compound class is given, as well as the docking energy for each single compound with
one of the three modeled RFOs.
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SI Table 1: Haloarchaeal species with RFOs.
Strain names and number of RFO homologs detected for each haloarchaeal species possessing
putative retinal-free opsins.
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SI Table 2: Databases searched for haloarchaeal-type RFOs.
Search statistics and results for search for haloarchaeal-type RFOs. For details on filtering
parameters, see Methods and Materials. Briefly, databases were searched using all haloarchaeal
RFOs as query, and results were filtered for unique hits containing a Bac_rhodopsin domain
(Pfam clan CL0192). Results matching these criteria were aligned and checked for presence or
absence of the Schiff base lysine (K216).

SI Table 3: Primer sequences.
PCR and cloning primers for RFOs from four species used in experimental confirmation of RFO
expression. Expected product lengths and primer set used to screen for gDNA contamination also
provided.
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Note: The six supplementary datasets below will be available on DataDryad upon
manuscript publication.
SI Dataset 1: Haloarchaeal opsin sequences.
Fasta file containing 170 haloarchaeal opsin sequences recovered by BLASTp searches of
haloarchaeal genomes, after correcting for incorrectly called start sites. Sequences are marked
with tags noting differences from corresponding NCBI records. Long = sequence is longer than
corresponding NCBI record. ID_to = sequence perfectly matches multiple NCBI records,
Not_ID = sequence is not identical to corresponding NCBI record, Cap = sequence has
alternative annotation as “capsular polysaccharide biosynthesis protein”.
SI Dataset 2: Haloarchaeal opsin phylogeny tree file.
Nexus formatted phylogeny file for 170 haloarchaeal opsins included in this study. Best opened
with FigTree v1.4.0. Corresponds to Fig 2A and SI Fig. 5.
SI Dataset 3: Trimmed alignment of haloarchaeal opsins.
Fasta formatted alignment file for 170 haloarchaeal opsins included in this study after manual
trimming. Remaining 204 positions were used for phylogenetic inference with MrBayes.
SI Dataset 4: Query sequences for opsin related genes BLASTp search.
Fasta formatted file containing query sequences used in BLASTp searches for brp, crtE, crtB,
crtI, and crtY.
SI Dataset 5: Type 1 microbial opsin phylogeny tree file.
Nexus formatted phylogeny file for 1077 Class I opsins collected from the NCBI nr and env_nr
databases. Best opened with FigTree v1.4.0. Corresponds to Fig 2C and SI Fig 3.
SI Dataset 6: Plasmid sequences.
Fasta formatted file containing sequences for expression vectors pMTFCHIS2 and pDJLCHIS.

Supplementary Discussion: Virtual Ligand Screening
AutoDock VINA and the idock software use similar scoring functions that are based on
intermolecular and intramolecular contributions including steric interactions, repulsion,
hydrophobic and hydrogen binding terms (Trott & Olson, 2010; Li et al, 2012). The usersubmitted partial charges as well as the nonpolar hydrogens are ignored. For a given ligand,
different conformations are tested and the final result is given as predicted free energy of binding
(kcal/mol). VINA and idock are multithreaded, however idock allows for an up to 3-fold speedup
in terms of CPU time (Li et al, 2012) as well as processing of multiple ligands in a time-efficient
manner.
The idock threading efficiency was tested with different thread counts ranging from
16-64 threads. The performance for the dual socket 8-core, 32 threads machine peaked at 32
threads with 5.79 ligands per second. Under-using threads the efficiency fell to 5.13 ligands per
second and assigning twice the physical available threads the efficiency fell to 4.03 ligands per
second. The disk read/write overhead using a RamDisk was extremely low, hence boosting
overall performance. In comparison, when the benchmark was performed on a normal disk
system it was 45% slower. However this estimation is highly dependent on the docking
parameters such as pocket size and conformer complexity. Overall, the ligand database of
229,358 compounds could be screened in around 11 hours.
The Universal Natural Products Database (Gu et al, 2013) comprises one of the largest and
most diverse (Berkov et al, 2014) publicly available datasets of natural compounds from plants,
fungi and microorganisms. The compound classes in UNPD and other large databases such as the
Dictionary of Natural Products (http://dnp.chemnetbase.com) cover several compound classes

including aliphatic compounds, polyketides, carbohydrates, oxygen heterocycles, simple
aromatic natural products, benzofuranoids, benzopyranoids, flavonoids, tannins, lignans,
polycyclic aromatics, terpenoids, steroids, amino acids and peptides, alkaloids and polypyrroles.
We deliberately chose to confine our search to natural products because larger screening datasets
commonly also include organic synthetic chemicals, but such xenobiotic compounds may be less
useful for biological interpretations. In order to find energy-cutoff values for further statistical
evaluations, we performed an independent virtual screening run with known binding ligands and
decoy compounds. The energy cut-off was set at a binding energy of -9 kcal/mol (lower energy
indicates better binding).
The binding energy distributions are given in SI Fig 7b. An overlap analysis performed
with the docking IDs resulted in 92 candidates for Nab. magadii WP_004267173, 495 candidates
for Hrr. distributum ELZ45759 and 1547 candidates for the Nbt. gregoryi WP_005575895. An
overlap analysis of the compound IDs showed that no individual docked ligand was shared
among all three modeled RFOs. However a compound class based analysis showed many
compound scaffolds were indeed overlapping.
SI Fig 7c shows high ranking ligands from each of the three homology opsins. The scaffold
for these naphthoquinone derivatives includes oxygen containing heterocycles and some of these
compounds are naturally occurring antibiotics. Several other similar compounds were included
as high ranking members of the screening list. The quinazolinedione is a representative of
nitrogen-containing heterocycles and such natural products are widely occurring in nature
(D’yakonov & Telezhenetskaya, 1997). SI Fig 7 also shows mikamicranolide which is a member
of the germacrane sesquiterpene class. These are widely available bioactive compounds found in

insects and plants (Tashkhodzhaev & Abduazimov, 1997). The toxicity and bioactivity of some
of these compounds may represent barriers for experimental applications.
Nevertheless the screening approach itself is compound-class agonistic and is driven by
the physicochemical parameter space of the compounds themselves. A statistical analysis of
some of the compound descriptors showed the commonly observed high correlation between
molecular weight, molecular surface area and molecular volume. Each of the top scoring
molecules fell into a specific range for each of these compound descriptors. A non-linear
relationship was observed between those descriptors and the docking energies. However, the
large diversity did not allow for a simple parametric equation to quickly establish high-affinity
binding. The solvent accessible surface area ranges [Å]2 for high-affinity binding ligands (lower
than -9 kcal/mol) are shown in SI Fig 7a. For Nab. magadii WP_004267173 a total of 92 cases
were retained with 466 (Å)2/386 (Å)2/581 (Å)2 (mean/min/max). For Hrr. distributum ELZ45759
overall 492 candidates remained with 522 (Å)2 /357(Å)2/547(Å)2 (mean/min/max). And finally
for Nbt. gregoryi WP_005575895 a total number of 1547 high affinity molecules were retained
with 514 (Å)2/351 (Å)2/716 (Å)2 (mean/min/max). All of the observed scaffolds or compound
core ring systems fell into these ranges.
Virtual screening results from docking programs should be interpreted as preliminary
hypotheses. Benchmarks have shown that “virtually no correlations could be observed between
the docking score and in vitro binding affinities” (Plewczynski et al, 2011). However it is
important to mention that the predicted rankings of screened compounds can be in good
agreement with the rankings from experimental binding affinity predictions (Suenaga et al,
2012). It is also important to keep in mind that structural models are based on one particular state

of the template structure and that other conformational states of the RFOs may lead to alternate
ligand predictions which may or may not overlap between the three modeled RFOs.
With the availability of large screening sets and highly accurate crystal structures (Choe et
al, 2011), deeper insights into the mode of action of transmembrane transporters and their ability
to distinguish between different ligands such as monoamines, nucleosides, lipids or peptides are
now possible (Granier & Kobilka, 2012). Here we laid out the theoretical framework for future
experiments, because the ultimate litmus test for virtual screening approaches is always an
experimental validation of successful docking experiments (Waszkowycz et al, 2011).

