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ABSTRACT
Due to the central role that tertiary structure plays in determining
protein function, resolving protein tertiary structures is an integral
research thrust in both wet and dry laboratories. Dry laboratories
have primarily focused on small- to medium-size proteins. However,
proteins central to human biology and human health are often quite
complex, containingmultiple domains and consisting of thou- sands
of amino acids. Such proteins are challenging for various reasons,
including the inability to crystallize. We present a case study of
structure determination for the Rift Valley fever virus L-protein, a
a large, multi-domain protein with currently no available tertiary
structure. We employ this case study as an emerging paradigm
and demonstrate how to leverage the rich and diverse landscape
of bioinformatics tools for building tertiary structure models for
multi-domain proteins with thousands of amino acids.
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1 INTRODUCTION
Tertiary structure plays a central role in determining the biological
activity of a protein, as in the cell proteins adapt their structure
to complement the structure of their molecular partners [4]. Due
to the premise that tertiary structure is crucial for unraveling the
biological activity of a protein, resolving protein tertiary struc-
tures is a compelling research thrust in both dry and wet laborato-
ries [27]. Traditionally, in the absence of close sequence homologs
with known tertiary structures in the Protein Data Bank (PDB) [2],
dry laboratories have either focused on template-free structure
prediction limited to small- to medium-size proteins [17, 21, 22, 35],
threading-based structure prediction [25], or a combination of the
two [38]. Template-based modeling has become more popular than
template-free modeling. This is primarily due to the fact that, in
principle, template-based modeling allows building of protein ter-
tiary structures possessing sequences with more than 300 amino
acids. However, the quality of this approach relies on identifying
remote homologs with known well-resolved structures [10]. Pro-
teins with thousands of amino acids are currently problematic test
cases for tertiary structure determination in dry laboratories. Such
proteins also challenge wet laboratories, as their size often makes
it difficult to achieve crystallization.

Currently, there are no methods or protocols for holistically de-
termining tertiary structures of multi-domain proteins with long
sequences of amino acids. Efforts to build tertiary structures of
multi-domain proteins are limited to assuming that the structure of
the composing domains are known. As a consequence, the discov-
ery of tertiary structures focuses on exploring how the different
domain structures can be arranged in 3D in search of low-energy
stable arrangements that are potential tertiary structures of the
multi-domain protein [33, 34]. However, some of the most interest-
ing cases in viral biology, as showcased here via the RVFV L-protein,
involve multi-domain proteins with little or no structural informa-
tion at the domain level. To make matters worse, the delineation of
domain boundaries may also be unknown or uncertain.

In this paper we present a case study of tertiary structure deter-
mination for the Rift Valley fever virus (RVFV) L-protein containing
2092 amino acids and use this case study as a driving example of
the complexity and the various considerations involved. As we
demonstrate, this protein is a good example that illustrates how the
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research community can leverage the currently rich and diverse
landscape of bioinformatics tools to build structural models for
multi-domain proteins with thousands of amino acids.

The paper is organized as follows. Section 2 describes the rel-
evant chemical components of the RVFV L-protein, enumerates
the different servers used for determining the domain sizes, their
boundaries and structure, and details the protocol for assembling
the protein domains. Section 3 contains our results from the process
of selecting the more reliable structure models for the adopted do-
mains and their evaluation. This section describes the mechanism
of assembling the domains together and provides three predicted
RVFV L-protein tertiary structures. The paper is concluded in sec-
tion 4.

2 METHODS SURVEY
Homology or comparative modeling is a reliable approach for pre-
dicting tertiary structure based on given amino acid sequences.
However, search of the PDB [2] with the NCBI Basic Local Align-
ment Search Tool (BLAST) [1] for proteins homologous to the
full 2092 amino acids sequence of the RVFV L-protein displaying
20% or better identity [9] was negative. Search with NCBI SMART
BLAST [26] for exploration of the landmark database of sequences
reveals that the RVFV L-protein sequence is homologous to those
of the Ambe, Joa, and Salobo viruses with identities in the range
60 − 61%. Unfortunately, the tertiary structure of these viruses
polymerases is also unknown.

RVFV is a tri-segmented negative-sense RNA virus consisting
of an S, M, and L segment [6]. The L segment encodes the RNA-
dependent RNA polymerase (RdRp) and is known as the L-protein.
The L-protein is 2092 amino acids long containing an RNA poly-
merase domain and an endonuclease domain. Few studies have
been performed specifically on RVFV L-protein. Therefore much of
the knowledge about the protein is gained from related viruses. The
primary function of the L-protein is to perform viral mRNA tran-
scription and genomic replication of viral RNA. The L-protein forms
L-L dimers through interaction between the N-terminus (a.a. 1-222)
and the C-terminus (a.a. 1219-2092) of the protein [37]. Within the
polymerase domain, there are SDD sequence motifs that are highly
conserved among negative stranded RNA viruses [20, 31].

In the absence of a homologous sequence with known structure,
we propose to create a structural model by identifying dominant
domains of the entire RVFV L-protein sequence that have known
structure and assembling the partial structures into a single model.
To implement the approach one may use fully-automated servers,
but we devise a strategy for controlling the domain identification
leading to template structures that incorporate biological insight of
the system under study.

Our first alternative is RAPTORX [23]. This server recurs to
remote homology recognition and fully-automates the process of
structure prediction of proteins with long sequences by determin-
ing if the targeted sequence consists of multiple domains or not.
Next, the PDB is searched automatically for structures remotely
homologous to the domains that are used as templates. High-quality
structural models for numerous targets with only remote homology
templates have been predicted by this process [14]. Advantages
of RAPTORX include a high quality target-templates alignment

algorithm, a novel nonlinear scoring function, and a probabilistic-
consistency algorithm. Currently, RAPTORX processes a sequence
of 200 amino acids in about 3-5 minutes. Obtaining the tertiary
structure of he RVFV L-protein sequence took 3 days.

The second alternative consists of identifying the domains incor-
porating biological insight without recurring to structure homology.
Multiple options exist for domain identification. For example, con-
served regions can be identified via NCBI DELTA-BLAST [5] in
knowledge-based databases, such as the Pfam database [13]. An-
other possibility is the use of domain identification servers such
as ThreaDomEX [32], Dobo [12], DomCut [29], and DomPred [15].
However, the outcome from these two approaches might differ
in the number of domains predicted as well as in their bound-
aries. Therefore, biological insight becomes crucial for finalizing
the domains identification. In our example of the RVFV L-protein,
identification of three domains is information suggested from the
polymerases of the arenavirus. We use this insight to reconcile
findings on the number of domains and the domain boundaries, as
explained in section 3.

Once the domains are identified, a tertiary structure should be
modeled for each domain. A route often used consists of assembling
ab initio protein models such as those delivered by ROSETTA [28]
and QUARK [35]. However, these approaches are not viable when
the domain exceeds 200 amino acids. Instead, threading-based meth-
ods, such as I-TASSER [25], become useful by automatically identi-
fying structural templates based on sequence-environment align-
ments. The resulting structural models are ranked on a statistical-
based goodness score. This scoring method is not sufficient for
asserting which is the best structure of the domain under investi-
gation. More options need to be considered. Biological insight can
leverage the process by proposing specific structural templates that
are not obviously obtained by I-TASSER. In addition, a Molecular
Dynamics protocol can be considered to produce dynamically the
structure of a domain as summarized in the next paragraph. More-
over, each of the structural templates obtained via these different
approaches can be further energetically refined/minimized.

For the identified domains containing the protein N- and C-
termini, we conduct all-atom molecular dynamics (MD) simulations
in implicit solvent [30] at constant pH = 7.4 [18] using AMBER and
the ff12SB force field [7]. The domains considered are simulated
at a constant temperature of 310 K via the Langevin thermostat
with a collision frequency of 5 ps−1 and a time step of 1 fs. The
equilibration stage implements a round-robin [16] approach of
segmenting the domain in smaller portions, equilibrating each of
them, and then rebuilding the complete domain and continuing the
run for 10ns at a time. This acceleration strategy is very effective,
allowing to reach the production stage faster. The production stage
is composed of a collection of 20 trajectories of 5ns each, for a total
run time of 100 ns.

The structuralmodels built with the abovementioned approaches
can be refined. Although several protein refinement methods exist
in the literature [17], we use 3Dr ef ine [3]. Another refinement
approach relies on energy minimization using the AMBER ff12SB
force field and implicit solvent as in the MD simulations. This re-
finement is conducted only on structures of domains with less than
500 amino acids due to the computational costs. The steepest decent
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method for minimization is used with a convergence criterion for
gradients of 0.0001 kcal/mol/Å.

The approaches described in previous paragraphs, I-TASSER
with automated template identification, I-TASSER with biologically-
based and MD-based templates, yield several structural models for
each domain. We narrow down to 2-3 structural models for each
domain by ranking them with the Critical Assessment of Protein
Structure Prediction (CASP) metrics [38]. Even constraining to this
small number of ranked possible models for the domains, the total
number of structural models for the full assembled L-protein is
substantial. The full L-protein models can be assembled from the
domains in several ways. We consider AIDA [34] and Chimera [24].
AIDA computes the best spatial arrangement of domains by an
optimization process. Meanwhile, Chimera connects single-domain
models via the join function that assigns fixed bond lengths and
angles to the relevant bonds and angles in proteins.

The resulting full-length models can be ranked via various met-
rics to reveal a few top structural models of the tertiary structure
of the protein under study. We evaluate end-termini domains based
on the AMBER ff12SB minimized potential energy. Structural mod-
els of the entire multi-domain protein (obtained by assembling
structural models of the constitutive domains) are evaluated via
metrics utilized by the CASP community. Specifically, we consider
the MolProbity scores Clash-score, Rot-out, Ram-out, Ram-fv, and
MP-score [11]. Clash-score is the number of severe atomic clashes
(with overlap < 0.4Å) per 1000 atoms. Rot-out is the rotamer outlier
score that measures the percentage of side-chain configurations
classified as rotamer outliers. Ram-fv is the Ramachandran favored
score measuring the percentage of backbone Ramachandran con-
figurations classified as outliers. The MP-score aggregates all these
scores per the formula: 0.426 · ln(1 + Clash − Score) + 0.33 · ln(1 +
max(0,Rot − out − 1)) + 0.25 · ln(1 + max(0, (100 − Ram − fv)) −
2)) + 0.5.

3 RESULTS
Our first model of the RVFV L-protein tertiary structure is obtained
from RAPTORX. This server predicts a model with three domains,
D1, D2, D3, that span 1 − 67, 68 − 1622, and 1623 − 2092 amino
acids, respectively. Domain D1 contaains the N-terminus and is
PDB id 4q84A with sequence identity 9%, while D2 corresponds
to PDB id 5amrA with sequence identity 12%, and D3 is based on
PBD id 4qhpA and 2hpoA with sequence identity 6%. In addition,
RAPTORX predicts 27 disordered positions at amino acids 1 − 3 in
the of D1, 1992 − 1996 and 2074 − 2092 in D3.

Several possible ways of fragmenting the L-protein into domains
were identified computationally via NCBI DELTA-BLAST [5]. From
those, we kept two alternatives with important biological infor-
mation. In the first, the domain length and boundaries are both
reconciled with functional information from the Arenavirus L-
protein domains [8]. Figure 1 shows the phylogenetic tree of aligned
core polymerase domains from members of the Arenaviridae, Or-
thomyxoviridae, and Bunyaviridae families [8]. Reconciling the
computationally-predicted domains with those shown in Fig. 1 led
us to adopting three domains for the RVFV L-protein: L1 spanning
1−200, L2 spanning 201−1500, and L3 spanning 1501−2092 amino
acids.

Figure 1: Top panel: aligned core polymerase domains from
members of the Arenaviridae, Orthomyxoviridae, and Bun-
yaviridae families. Bottom panel: functional domains of the
Arenaviridae L-proteins from [8].

Our second alternative for domain length and boundaries is
again based on biological input and has three domains: L̃1 spanning
1 − 222, L̃2 spanning 223 − 1500, and L3 spanning 1501 − 2092
amino acids. Both L̃1 and L̃2 have been shown to be stable in cell
culture models of infection, with segment 1 − 222 forming stable
oligomers [37].

3.1 Structure of the RVFV L-protein Domains
Summarizing, we have adopted three domains for the RVFV L-
protein, either L1-L2-L3 or L̃1-L̃2-L3. The next task is to establish the
best structure for each domain and proceed to their assemblage. We
employed I-TASSER [25] for the structure determination based on
templates, and fed our pre-selected, biologically-inspired, templates
to this server.

Table 1 shows the C-score of five models for L1 and seven models
for L2 or L̃2 obtained with different inputs. For model L1-nt and
L2-nt, I-TASSER picks the template. However, we feed our selected
template structure with biological insight for each of the models
L1-4miw, L1-5ize, L1-5hsb, and L1-5j1n listed in table 1. The L1
domain is an endonuclease domain. All endonucleases contain the
motif P-D-x(13,45)-E-x(19,22)-K [19]. This motif is present in the
RVFV L-protein, as well as in the L-proteins of the Hantan, Lassa,
and Andes viruses. The endonucleases of the three latter viruses
have structures in the PDB with ids 4miw and 5j1n (Lassa virus),
5ize (Hantan virus), 5hsb (Andes virus). Table 1 lists the I-TASSER
solved structure with highest C-score per fed template. From these
five models for the L1 domain, we select the two marked in bold
for further evaluation.

Similarly, table 1 shows the C-score of six models of the L2
domain, where a template is fed to the server (PDB ids 5amq, 5amr,
1yuy, 4xhi, 4ucy, 5fje). Once again, these templates are based on
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Table 1: Structure models of the L1 and L2 domains built
with I-TASSER [25].

PDB id Organism Best C-score
L1-nt - -4.32

L1-4miw Lassa virus -1.55
L1-5ize Hantaan virus -0.97
L1-5hsb Andes virus -0.74
L1-5j1n Lassa virus -1.45
L2-nt - -0.09

L2-5amq La Crosse 0.07
L2-5amr La crosse -0.09
L2-1yuy Hepatitis C -0.05
L2-4xhi Thosea Asigna 0.04
L2-4ucy Metapneuumovirus 0.17
L2-5fj6 Phi6 -0.04

the biological insight for the L2 domain, which is a polymerase
domain. As illustrated in Fig. 1, all polymerases possess the palm
A → E, which contains the motifs A ( D-x(3)-W-x(5) ), B ( QG-
x(3)-Y-x-SSLL ), C (SDD), D ( Y-x(3)-K ), E ( x-F-x(2)-E ) [8]. The C
motif is crucial to the function of all polymerases. Indeed, the RVFV
L-protein contains the C motif. Therefore, based on this insight, the
following protocol is implemented: (i) the PDB is searched for all
RdRPs of which the L2 domain of the RVFV L-protein polymerase
is a member, (ii) only those RdRp polymerases containing the C
(SDD) motif or its GDD and KDD variants are retained. This process
resulted in PDB ids 5amq, 5amr, 1yuy, 4xhi, 4ucy, and 5fje. Each of
these structures is fed to I-TASSER as a template for the L2 domain,
and only the model with highest C-score produced by I-TASSER in
each setting is retained and listed in Table 1. We select three viable
models, their C-score are reported in bold in the table.

For the L̃1 and L̃2 domains, the same highest-score structural
models of L1 and L2 (see table 1) are considered, plus a third model
for L̃1 obtained from MD and minimized as described in section 2.
We refer to this model as L̃1-MD and its evaluation is in table 2.

Table 2: Property and energetics evaluation of L̃1-MD and L3
domain: Potential energiy PE, number of atoms in structure
N, radius of gyration Rд , end-to-end distance Re−e , andmax-
imum radius Rmax .

Name PE PE/N Re−e Rд Rmax
(kcal/mol) (kcal/mol) (nm) (nm) (nm)

L̃1-MD -6992.8 -2.0 8.305 2.455 5.053
L31−360 -10603. -1.81 7.231 2.454 5.466
L3361−592 -7467.4 -2.08 3.890 2.972 5.109

The L3 domain contains the L-protein C-terminus and is 591
amino acids long. Table 3 shows the C-score of two models obtained
with different settings. L3-nt is the best model obtained allowing I-
TASSER to automatically identify a template. An additional setting
is considered, where I-TASSER is used to improve the L3-nt model
by feeding back this model as a template with its last 231 amino
acids replaced by the structure of a well-equilibrated and minimized
MD version listed in the third row of table 2. This model is referred
as L3-MD in table 3 and has a lower C-score than the original

L3-nt model. We produced two extra models for the L3 domain.
In both of them we include two segments for L3: (i) the first 360
aminoacids of the L3-MD model are minimized within the ff12SB
force field in implicit solvent environment, listed in the 2nd row of
table 2, and (ii) the last segment of 231 amino acids already MD-
optimized and listed in the 3rd row of table 2. These two segments
are assembled using AIDA [34] and Chimera [24]. The resulting
models are referred to as L3-AIDA and L3-Chimera.

Table 3: Structure models of the L3 domain built with I-
TASSER [25].

Setting Description Best C-score
L3-nt C-terminus L3 I-TASSER

model
-1.68

L3-MD C-terminus L3 I-TASSER
model improved by MD
231 a.a. segment

-1.95

3.2 Assembled Full-length Structural Models
Table 4 summarizes all the structural models obtained for the full-
length L-protein, including the RAPTORX model and the models
computed via assembling different structural models for the L1,
L2, L3 domains and the alternative L̃1), L̃2), L3 domains. The full-
length models are evaluated through the Molprobity scores listed in
Section 2. These 18 models can be refined, as we describe in the next
paragraph. Therefore, table 4 reports the Molprobity scores before
and after refinement. The two models with the best MP-score for
the set of models of the assembled L1-L2-L3 domains and for the
set of assembled L̃1-L̃2-L3 domains are highlighted in bold.

Furthermore, the 18 full-length models listed in Table 4 are re-
fined, as described in Section 2, and re-evaluated after refinement.
The new scores are reported in the table under the column la-
beled "after." The four refined models with highest MP-score (bold
font) are subjected to an intensive new refinement protocol, as
follows. The three domain structures in the full-length model are
refined with 3Dr ef ine . The resulting single-domain structures are
re-assembled with AIDA yielding an optimal multi-domain arrange-
ment. Finally, the AIDA-computed full-length models are refined
again with 3Dr ef ine . Evaluation of the three best and final models
is provided in Table 5 and depicted in Fig. 2.

The first structure in table 5 has the best scores. This model struc-
ture is shown at the top in Figure 2. For comparison, this structure is
used as reference and the other two in table 5 are aligned to it with
FATCAT [36]. This algorithm optimizes the alignment and mini-
mizes the number of rigid-body movements (twists) around pivot
points (hinges) introduced in the reference structure. According to
FATCAT, the L1-5hsb+L2-4xhi+L3-nt and L1-5ize+L2-4xhi+L3-MD
structures are significantly similar, with a p-value of 5.66 × 10−15
(raw score of 3645.61). The structure alignment identifies 1824/2092
equivalent positions with an RMSD of 6.86 Å, with 4 twists. The
L1-5hsb+L2-4xhi+L3-nt and L1-MD+L2-4xhi+L3-MD structures are
also significantly similar, with a p-value of 1.60× 10−124 (raw score
of 3336.60). The structure alignment identifies 1717/2092 equivalent
positions with an RMSD of 7.66 Å, with 4 twists as well. Finally, the
L1-5ize+L2-4xhi+L3-MD and L1-MD+L2-4xhi+L3-MD structures
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Table 4: Molprobity evaluation before and after refinement of the full-length L-protein structures.

Model MP-score Clash-score Rot-out% Ram-out% Ram-fv%
before after before after before after before after before after

RAPTORX 3.74 3.75 167.85 81.92 4.09 10.97 3.55 3.83 88.30 88.71
L1-5ize+L2-5amq+L3-nt 3.75 3.67 127.81 66.39 3.07 7.69 11.67 8.52 72.87 82.44
L1-5ize+L2-4xhi+L3-nt 3.54 3.46 124.15 61.79 2.41 5.54 7.03 4.88 83.0 86.27
L1-5ize+L2-4ucy+L3-nt 3.64 3.50 124.12 63.27 3.12 6.02 6.70 5.55 82.15 86.17
L1-5hsb+L2-5amq+L3-nt 3.75 3.68 127.77 69.56 3.07 7.75 11.53 7.94 72.68 82.92
L1-5hsb+L2-4xhi+L3-nt 3.58 3.45 126.58 61.75 2.64 5.38 6.65 5.17 82.73 86.60
L1-5hsb+L2-4ucy+L3-nt 3.62 3.49 122.47 62.41 3.01 6.02 6.41 5.31 82.06 86.65
L̃1-5ize+L̃2-4xhi+L3-nt 3.95 3.75 147.78 74.1 4.30 7.91 11.64 8.42 70.83 80.53
L̃1-5ize+L̃2-4xhi+L3-MD 3.83 3.70 151.30 73.34 3.34 7.93 10.49 7.85 75.23 82.54
L̃1-5ize+L̃2-4xhi+L3-AIDA 3.92 3.79 143.40 73.36 4.30 8.82 11.86 9.76 71.95 80.05
L̃1-5ize+L̃2-4xhi+L3-Chimera 3.99 3.91 171.69 88.81 4.25 9.84 11.49 10.07 72.43 79.58
L̃1-5hsb+L̃2-4xhi+L3-nt 3.92 3.76 147.84 77.25 4.03 8.02 11.18 8.18 71.59 81.15
L̃1-5hsb+L̃2-4xhi+L3-MD 3.83 3.73 152.62 74.62 3.39 8.23 10.21 7.70 75.66 83.16
L̃1-5hsb+L̃2-4xhi+L3-AIDA 3.93 3.78 148.82 77.23 4.25 8.23 11.76 9.33 72.42 80.19
L̃1-5hsb+L̃2-4xhi+L3-Chimera 4.01 3.90 175.88 89.62 4.46 9.36 11.17 9.73 73.07 79.29
L̃1-MD+L̃2-4xhi+L3-nt 3.91 3.73 144.21 72.28 4.09 8.02 11.07 7.94 71.48 81.53
L̃1-MD+L̃2-4xhi+L3-MD 3.84 3.70 152.15 76.02 3.50 7.42 9.87 7.42 75.95 83.43
L̃1-MD+L̃2-4xhi+L3-AIDA 3.90 3.77 144.23 72.81 4.09 8.66 11.21 9.04 72.66 80.57
L̃1-MD+L̃2-4xhi+L3-Chimera 3.97 3.90 172.83 90.22 4.03 9.63 10.97 10.16 72.87 80.30

Table 5: Molprobity evaluation of the best full-length structural models of the RVFV L-protein.

Model MP-score Clash-score Rot-out% Ram-out% Ram-fv%
L1-5hsb+L2-4xhi+L3-nt 3.40 61.23 4.95 5.12 87.42
L̃1-5ize+L̃2-4xhi+L3-MD 3.51 65.95 5.16 6.79 84.02
L̃1-MD+L̃2-4xhi+L3-MD 3.49 64.36 5.38 6.36 85.31

are also significantly similar, with a p-value of 0.00 (raw score of
5619.35). The structure alignment identifies 2014/2092 equivalent
positions with an RMSD of 1.34 Å, with 5 twists.

4 CONCLUSION
This paper shows the complexity entailed in obtaining physically
realistic structural models of multi-domain proteins containing
thousands of amino acids. As the results demonstrate, the inclu-
sion of strong biological insight guides very efficiently the existing
computational approaches for the identification of domains, the
building of single-domain structural models, the assembly of these
models into structural models of the full protein, and the refinement
of such structures. As we demonstrate here for the RVFV L-protein,
the biological insight leveraged the otherwise badly-defined options
for defining domain boundaries and templates used in the process
of building structural models of single domains.

An important consideration is the extent to which the built struc-
tural models represent the biologically-active state of the protein
under study. In the absence of feedback from wet-laboratory data,
this evaluation is nontrivial. Indeed, the problem of decoy selection
in computational structural biology is known. While research is
active in this area, currently, it is limited to decoys obtained for
short, single-domain proteins not exceeding 300 amino acids. In
ongoing research on the RVFV L-protein, we are exploring several

avenues for investigating the credibility of the computed models
presented in this paper. For example, expression constructs exist
already for the 1-222 amino acids region (the L̃1 domain). Further
expression constructs will allow us to relate modeling data with
biological function directly investigated in our wet-lab. It is worth
noting, that we have strong evidence from the ongoing MD sim-
ulations that the structural models presented here only capture
restricted views of the RVFV L-protein biologically-active state. In
fact, the structural models may only provide snapshots of the possi-
ble flexibility of the L- protein, particularly concerning its termini.
The results obtained via RAPTORX point to disorder predicted for
amino acids in the N-terminus (L1 domain) and C-terminus (L3
domain). These findings are corroborated by our MD simulations
that predict that the two termini of the RVFV L- protein, at the
thermodynamic conditions studied, are quite flexible and may adapt
their structure upon the environment in which they are immersed
under physiological conditions.

Given the sparsity of information on the RVFV L-protein and
lack of crystal structure, the findings presented here on structural
models of the RVFV L- protein will facilitate protein-protein in-
teraction studies and drug discovery efforts. In addition, given the
high sequence identity of the RVFV L-protein and other RdRps, L-
protein structural models may serve as valuable templates to further
expanding the structural characterization of other polymerases.
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Figure 2: The three final structures for the RVFV L-protein.
The L1, L2, L3 domains are in blue, green, red, respectively.
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