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Abstract: In NMR experiments, the chemical shift is typically the first parameter
measured and is a source of structural information for biomolecules. Indeed, sec-
ondary chemical shifts, the difference between the measured chemical shifts and
those expected for a randomly oriented sequence of peptides (the "random coil"),
are correlated with the secondary structure of proteins; secondary shift analysis is
thereby a standard approach in structural biology. For intrinsically disordered or
denatured proteins furthermore, secondary chemical shifts reveal the propensity of
particular segments to form different secondary structures. However, because the
atoms in unfolded proteins all have very similar chemical environments, the
chemical shifts measured for a certain atom type vary less than in globular pro-
teins. Since chemical shifts can be measured precisely, the secondary chemical shifts calculated for
an unfolded system depend mainly on the particular random coil chemical shift database chosen as a
point of reference. Certain databases correct the random coil shift for a given residue based on its
neighbors in the amino acid sequence. However, these corrections are typically derived from the
analysis of model peptides; there have been relatively few direct and systematic studies of the effect
of neighboring residues for specific amino acid sequences in disordered proteins. For the study re-
ported here, we used the intrinsically disordered C-terminal domain of TDP-43, which has a highly
repetitive amino-acid sequence, as a model system. We assigned the chemical shifts of this protein at
low pH in urea. Our results demonstrate that the identity of the nearest neighbors is decisive in de-
termining the value of the chemical shift for atoms in a random coil arrangement. Based on these
observations, we also outline a possible approach to construct a random-coil library of chemical
shifts that comprises all possible arrangement of tripeptides from a manageable number of polypep-

tides.

Keywords: Intrinsically disordered proteins, secondary chemical shift, random coil chemical shift, TDP-43.

1. INTRODUCTION

Nuclear magnetic resonance (NMR) spectroscopy is one
of the most powerful tools to study protein structure and dy-
namics [1, 2]. The chemical shift can be measured by NMR
for almost all the atoms in a molecule and varies with their
local environment. The chemical shift can therefore be used
to probe different locations in a molecule, giving site-
specific information for further structural and dynamic stud-
ies. Because the accurate prediction from first principles of
chemical shifts for a known structure requires considerable
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computational power—complicated electrostatic environ-
ments have to be modeled around each atom [3], empirical
databases are currently the most popular and precise resource
for chemical shift predictions [4, 5]. The reverse problem,
namely using chemical shifts by themselves to determine a
protein structure, is challenging but nonetheless feasible with
the assistance of knowledge-based approaches [6-8]. How-
ever, chemical shifts also provide structural insights directly,
even without a sophisticated algorithm: secondary chemical
shifts (the difference between the observed chemical shifts
and the chemical shifts expected for the same amino-acid
sequence in a random coil conformation) are the most
straightforward indication of secondary structure elements,
the correlation between the two being well known [9-11].
Secondary chemical shift analysis is therefore a standard
approach in NMR protein structure determination, whereby
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secondary structure elements are identified immediately after
chemical shift assignment.

The chemical shift also provides structural information
for unfolded proteins. In these molecules however, the vari-
ability of the chemical shift is much lower because of the
similarity of the atoms' chemical environment. Nevertheless,
modern NMR spectrometers and multi-dimensional NMR
techniques can be used to assign chemical shifts to each
(NMR-sensitive) atom in the chain [12-14]. The secondary
chemical shift then reveals the conformational propensity of
a given segment or the presence of residual or transiently
populated structure [15]. The residual structures adopted by
unfolded proteins are key to understanding how proteins fold
[15, 16]. Furthermore, identifying the structural propensity
of intrinsically disordered proteins may provide information
on their biological functions and their roles in various dis-
eases [17, 18].

Chemical shifts can usually be measured very precisely
thus the accuracy of the corresponding secondary shifts de-
pends mainly on that of the set of random coil values used to
derive them. Several such databases are available, most of
which have been assembled either from systematic studies of
model peptides (Ac-GGXGG-NH; host-guest systems, where
X stands for one of the 20 amino acids) [19-21], or from the
analysis of chemical-shift databases such as the Biological
Magnetic Resonance Data Bank (BMRB)[22-24]. For folded
proteins, the choice of the random coil database used to cal-
culate the secondary shifts is not critical, but results may
differ significantly for unfolded systems because the vari-
ance of the values is much smaller. Tools such as SSP [25]
and 62D [26] that base their secondary structure predictions
on the chemical shifts of several atoms per residue aim to
eliminate this database dependence. In addition, correction
factors for neighboring residues have been included in sev-
eral random-coil databases [19, 27, 28]. The fact that the
amino-acid type of the nearest neighbors affects the chemical
shifts of a given residue is well known, but since measuring
this effect for all possible combination of dipeptides (400) or
tripeptides (8000) is not realistic, it has never been quantified
in a natural polypeptide. Here, we use the C-terminal domain
of TDP-43 (TDP-432664I4) as a model system to demonstrate
the nearest-neighbor effect on the chemical shifts of amino
acids in a random coil arrangement. This domain has low
sequence complexity with several tripeptide repeats and is
thus a good choice for a detailed analysis of the nearest-
neighbor effect. We assigned the chemical shifts of this do-
main in 8 M urea at pH 2.5, a condition commonly used to
determine random coil chemical shifts. Our analysis demon-
strates that other than the identity of the amino acid itself,
nearest neighbor type is indeed the main factor that governs
the chemical shift of atoms in a random coil. Based on our
findings, we also propose a way to construct a random-coil
chemical-shift database that accounts for this effect.

2. MATERIALS AND METHOD

2.1. DNA Construct and Primer Design

The construct used in this study was derived from plas-
mid encoded human TDP-43 (Genomic Research Center,
National Yang-Ming University, Taiwan). Genes coding for
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wild-type TDP-43 (residues 266-414) were inserted into a
pET21a+-based vector with the restriction enzymes BamHI
and Xhol. The T7 tag on the vector was replaced with six
histidines.

2.2. Protein Purification and Expression

Single colonies of transformed E. Coli cells (BL21) were
picked up from an ampicillin agar plate and were used to
inoculate 5.0 mL of lysogeny broth containing 0.1 mg-mL"™"
ampicillin and were grown overnight in a shaker at 37 °C.
This overnight culture was used to inoculate 500 mL of
lysogeny broth or minimal M9 medium (containing NH,CI
and/or “C-glucose for isotope labeling), both with 0.1
mg-mL~" ampicillin. The growth cultures were left at 37 °C
in an incubated shaker until the ODg reached ~0.6—0.7. The
cells were induced with a final concentration of 1 mM iso-
propyl B-D-1-thiogalactopyranoside and were left shaking
overnight at 25 °C. The cells were harvested by centrifuga-
tion (Beckman JA-10, 30 min at 8000 rpm and 4 °C) and re-
suspended into 15 mL of B-PER reagent (Thermo Scientific)
with 0.1 mg-ml™" lysozyme and 5 unit-ml™' of deoxyribonu-
clease I, or lysed by sonication on ice for 4 min (15 s pulse
on and 45 s pulse off) at 80 % power with a 9 mm probe
(~2000 J generated in total by the sonicator). The lysate was
centrifuged at 18000 rpm (Beckman JA-25.5) at 4 °C for 30
min. The precipitant was dissolved in 8 M urea in 20 mM
Tris buffer at pH 8.0. This solution was filtered (0.45 pum)
and loaded onto a nickel-charged immobilized metal-ion
affinity chromatography column (1 ml or 5 ml pre-packed
column, Bio-Rad). The column was washed with five col-
umn volumes of 20 mM Tris buffer with 8 M urea at pH 8.0
and then eluted with 15 column volumes of the same buffer
containing 0-500 mM imidazole solution using fast protein
liquid chromatography. The fractions containing target pro-
teins were collected and loaded onto a cation-exchange col-
umn (1 ml or 5 ml pre-packed Unosphere S-column, Bio-
Rad). After washing the column with five column volumes
of 10 mM phosphate buffer containing 8 M urea at pH 8.0,
the protein was eluted with 15 column volumes of the same
buffer with a 0—1 M NaCl concentration gradient. The pro-
tein fractions were exchanged with a 10 mM glycine buffer
at pH 2.5 with 8 M urea. A typical yield of ~6—10 mg of pu-
rified protein was gathered from each half-liter of minimal
medium.

2.3. NMR Experiments and Data Analysis

All NMR experiments were performed on a Bruker
AVANCE 800 MHz spectrometer with the sample at 283 K.
The parameters used for the assignment experiments, namely
HNCO, HN(CA)CO, HNCA, HN(CO)CA, HNCACB,
CBCA(CO)NH, are listed in S1 Table. The data were proc-
essed and analyzed using NMRPipe [29] and Sparky [30].
Non-uniform sampling schemes were generated by TopSpin
(Bruker BioSpin) and reconstructed using an iterative soft-
thresholding algorithm [31].

For the chemical shift assignment experiments, the NMR
signal-to-noise (S/N) ratio was high enough to allow the data
to be acquired with non-uniformly sampling (see S1 Table
for details of the settings used), which afforded optimal reso-
lution in the indirect dimensions ("°N and "*C) in a reason-
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able amount of experimental time. For the constant-time type
experiments, the resolution of the indirect dimensions (the
C dimension in particular) was optimized; for the other
pulse sequences, we increased the total evolution time (the
number of data points acquired), because the nuclear spin
relaxation rates of '>C and '°N atoms are much longer in un-
structured than in structured proteins. In addition, the chemi-
cal shift dispersion of carbonyl atoms is still large in unstruc-
tured proteins [32]; this property facilitates assignment.

2.4. Sequence Complexity and Protein Disorder Predic-
tion

The complexity of the protein sequence was analyzed
using the SEG algorithm [33], while the level of structural
disorder was predicted using the PONDR program running
the VSL2 or VL3 algorithm [34, 35], and the [IUPRED web
server [36].

2.5. Tripeptide Analysis

The BLAST non-redundant protein sequence database
was downloaded from the National Center for Biotechnology
Information (NCBI) website
(ftp://ftp.ncbi.nlm.nih.gov/blast/db/). We used in-house C-
shell and GNU Octave scripts to count the occurrence of all
tripeptide combinations and to construct polypeptides com-
prising all 8000 triplets.

3. RESULTS

3.1. The Low Sequence Complexity of TDP-43>¢¢*!
Makes it Suitable for Characterizing the Nearest-
Neighbor Effect

Proteins with a low complexity sequence are good candi-
dates for characterizing the nearest-neighbor effect on NMR
chemical shifts because of the high occurrence therein of
repeated sequence motifs. Fibrous proteins exemplify this
property. Fibroin, for example, has high glycine, alanine, and
serine contents, while glycine and alanine are also highly
prevalent in collagen and elastin [37]. A recent study has
also shown that many RNA binding proteins (such as TDP-
43) have low-complexity regions in addition to their RNA
binding motifs [38]. These regions are involved in regulating
different protein or nucleotide interactions [39].

TDP-43 is a splicing factor that promotes pre-mRNA
exon skipping and is involved in micro-RNA processing and
mRNA transportation and translation regulation. This protein
has also been associated with the survival of motor neurons
and the formation of stress granules [40]. In addition, TDP-
43 has been implicated in amyotrophic lateral sclerosis and
frontotemporal labor degeneration, with its C-terminal part
being the main component of the inclusion bodies found in
patient biopsies [41]. The structure and function of its two
RNA recognition motifs have been extensively studied [42,
43] and the structure of its N-terminal domain has very re-
cently been solved [44, 45]. In contrast, the C-terminal do-
main is known to be intrinsically disordered [46], as illus-
trated in Fig. 1 with the predictions from three different algo-
rithms (Fig. 1). Sequence analysis demonstrates that the low
complexity regions are in this intrinsically disordered do-
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main (Fig. 1). On this basis, we cloned the 149 C-terminal
residues of this protein (residue numbers 266 to 414) to use
as a model system. Table 1 lists the 28 amino-acid doublets
and 14 triplets that appear more than once in this protein
domain.

Table 1. Number of times each repeated motif in the amino-
acid sequence of TDP-432% " appears therein.
GG AA SS NN MM SG GS
8 4 4 3 2 9 8
GN NQ FG GM GF SN AS
7 6 6 4 4 4 3
NS QG GA WG AG AF NP
3 3 3 3 2 2 2
NM QA QN QS GW MA MG
2 2 2 2 2 2 2
NQG GNN GGF GFG NNQ QNQ GGG
3 3 3 3 2 2 2
GSN GSG GWG FGN FGS SGN SGS
2 2 2 2 2 2 2

3.2. Chemical Shift Assignment of TDP-43’** in the
Presence of 8 M Urea at pH 2.5

We dissolved TDP-43**!* in 8 M urea at pH 2.5, a con-
dition commonly used to determine random-coil chemical
shifts in model peptides [27, 28]. Although TDP-43*"*1* is
prone to aggregation under physiological conditions [47, 48],
its solubility is high at low pH in urea and concentrations up
to 1 mM were readily achieved.

The chemical shifts of the carbonyl carbons are readily
assigned from their sequential connectivity (Fig. 2A and S1
Fig). Although the sequential walk through the Co and Cf
chemical shifts is more ambiguous, their specificity in terms
of amino acid types [49] can be used to resolve ambiguities
in the carbonyl carbon sequence. We initially used an auto-
matic assignment program, MARS [50], and then confirmed
the results manually. The standard set of experiments
(HNCO, HN(CA)CO, HNCA, HN(CO)CA, CBCA(CO)NH,
and HNCACB) were sufficient in this case to assign all the
backbone atoms. We also collected proton chemical shifts
from NOESY-HSQC and TOCSY-HSQC experiments to
confirm the sequential connectivity. The ""N-"H HSQC spec-
trum in Fig. 2B illustrates the completed assignment. The
chemical shifts have been deposited in the Biomolecular
Magnetic Resonance Bank with the accession number
26816.

3.3. Neighboring residues influence random-coil chemical
shifts

The highly repetitive sequence of TDP-43*°** reveals

the effect of neighboring residues on the chemical shifts of a
given amino acid. Focusing on the chemical shifts of the
most populated amino acids in this protein, namely glycine
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Figure 1. Structure disorder prediction and sequence complexity analysis for TDP-43. Structure disorder of the protein as predicted by
PONDR VSL2 (grey), VL3 (red), and IUPRED (orange). Scores higher than 0.5 indicate that the conformation of the corresponding residue
is mainly disordered. The sequence complexity was calculated using the SEG algorithm, and the two regions found to be of low complexity
sequence, LC1 and LC2, are respectively indicated with a blue and a purple bars. A red dashed box has been drawn around the protein do-

main studied in this article. (Color version online)
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Figure 2. Chemical shift assignment of TDP-43266414
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in 8 M urea at pH 2.5. (A) Sequential connectivity of the residues as illustrated by

green lines drawn through strip plots of HNCO (gray) and HN(CA)CO (black) NMR spectra. (B) An NMR '*N-"H HSQC spectrum of the

protein showing the assignments of all resonances.

(G), serine (S), and asparagine (N) (with 38, 24, and 20 ap- sors should be more similar than those of residues with iden-
pearances respectively), when the neighboring residues are tical predecessors. For example, the C’ chemical shifts of
ignored, the Ca and C' chemical shifts are spread over 0.5-1 glycine residues preceded by another glycine have a larger
ppm and ~1 ppm respectively (Fig. 3, black dots). This vari- variance than those of glycines followed by glycine (red dots
ance is reduced when the preceding or following residue is in Fig. 3B, top left panel). The same trend is observed for
taken into account (Fig. 3, red, orange, and green dots). Be- serine (Fig. 3B, bottom left panel).

cause the following residue is covalently bound to the C’
atom, C’ chemical shifts from residues with identical succes-
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Figure 3. The nearest-neighbor effect on chemical shifts. (A) Co and (B) C' chemical shifts of the glycine (G, top left panels), serine (S,
bottom left panels), and asparagine (N, bottom right panels) residues in TDP-43%%*!* a5 recorded in 8 M urea at pH 2.5. The black dots
show all the values for each amino acid type while colored dots are used to show the same values but grouped according to motifs that appear
several times in the sequence: red dots for XX doublets (X = G, S, or N), orange dots for ZX doublets (Z # G, S, or N), green dots for XZ
doublets, and blue dots for ZXB triplets (B # G, S, or N). A random offset has been added along the x-axis for the sake of clarity. (Color

version online)

Qualitatively, Fig. 3B shows that in general the chemical
shifts of a given amino-acid type preceded by a given residue
(yellow shaded region) vary more than do those of the same
amino-acid type followed by the same residue (green shade).
The trend for the Co chemical shifts is less obvious (yellow
and green shades in Fig. 3A), probably because of the more
central location of the Cat atom. More chemical shifts meas-
ured under the same conditions would be required to verify
this observation quantitatively but more importantly, when
both neighbors are taken into account, the chemical shift
variation is substantially reduced in all cases (blue dots in
Fig. 3). Specifically, the Co. and C’ chemical shifts from
identical triplet motifs differ respectively by less than 0.1
ppm in all but one case (namely the C’ shifts in SGS trip-

lets). The same trend is observed for the central residues of
the other three triplets (NQG, GFG, and GWG) that appear
more than once in the sequence (right-most panels in Fig. 3).

This analysis indicates that the most important factor
governing the chemical shifts of a given residue in a random-
coil arrangement is the nature of its neighboring residues.
The chemical shifts of residues in longer identical motifs
should be even more similar. Only one quintuplet (GGFGN)
appears more than once in this sequence but indeed, the
chemical shifts of the two central residues (F) are nearly
identical (only ~0.001 ppm difference for both the Ca and C’
chemical shifts).
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3.4. Accounting for the sequence effect on the chemical
shift may improve secondary structure predictions

We also assigned TDP-432%¢*" under physiological con-
ditions (in 10 mM phosphate buffer at pH 6.5, BMRB access
number 26728, Fig. S2) and used the chemical shifts meas-
ured in 8 M urea pH 2.5, the so-called “intrinsic chemical
shifts” [51, 52], to calculate secondary chemical shifts. The
increases in the Ca and C’ shifts (black lines in Fig. 4) and
the decrease in the CP shift (data not shown) in the N-
terminal part and the middle part of TDP-43%°**'* reflect the
presence of a-helical components. This result is in qualita-
tive agreement with a very recent study [53] in which the
assignment was performed using data acquired in pure water
at pH 4.0 (vs pH 6.5 in a phosphate buffer here).

15FA

My Ly

Aol Y
280 320 360 400

Residue number

Figure 4. Secondary chemical shifts in TDP-43%66-414 (A) Ca and
(B) C' secondary chemical shifts obtained by direct subtraction of
the chemical shifts recorded in 8 M urea from those measured under
physiological conditions (black lines), and as predicted using the
random-coil database of Schwarzinger et al. (red lines) and of
Tamiola ef al. (green lines). (Color version online)

We also calculated the secondary chemical shifts using
two different random coil databases (red and green lines in
Fig. 4). These data are noisier than those derived from the
intrinsic referencing method. This observation suggests that
accounting for the nearest-neighbor effect on the chemical
shifts, as illustrated in Fig. 3, can improve secondary struc-
ture predictions for disordered proteins.

4. DISCUSSION

The chemical shift is the most readily obtained parameter
in biomolecular NMR studies and secondary chemical shift
analysis provides useful secondary structure information for
both ordered and disordered systems [15]. Since chemical
shifts can be measured very precisely, the secondary chemi-
cal shift obtained depends mainly on the database of random-
coil chemical shifts chosen as a basis. The differences be-
tween the different databases may be without consequence
for folded proteins but become critical for unfolded proteins,
for which the variations to be identified are more subtle. The
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effects of neighboring residues on random-coil chemical
shifts have been studied previously using different ap-
proaches. Wishart et al. studied the effect of alanine and
proline in Ac-GGXAGG-NH,; and Ac-GGXPGG-NH, pep-
tides (with X being one of the 20 amino acids) [19].
Schwarzinger et al. tabulated sequence-dependent correction
factors from a systematic study of Ac-GGXGG-NH, host-
guest peptides [27]. Similarly, Kjaergaard and Poulsen [54]
and Prestegard et al. [28] have derived correction factors
from neighboring residues in glutamine- or alanine-flanking
host-guest systems. In a contrasting approach, Tamiola et al.
derived nearest-neighbor correction factors from a database
of chemical shifts from intrinsically disordered proteins [23].

Directly measuring the nearest-neighbor effect for all the
8000 different tripeptide combinations is not realistic how-
ever using a host-guest approach (e.g. GGGX;X,X;3GGG;
with X, X,, and X; each representing one of the 20 amino
acids). To demonstrate that in a random coil, apart from the
nature of the residue itself, its nearest neighbors are the main
factor governing its chemical shifts, we analyzed the chemi-
cal shifts measured for a highly repetitive protein sequence,
the C-terminal domain of TDP-43 (Fig. 1 and Table 1). After
assigning the chemical shifts of the backbone atoms (Fig. 2),
we systematically investigated their dependence on the na-
ture of the preceding and succeeding amino acid (Fig. 3).
Our results show that this dependence is strong and accounts
for most of the variability of the chemical shifts for a given
amino acid type in a disordered structure. Furthermore, tak-
ing this effect into account provides secondary chemical shift
values that are less variable (noisy) than those derived from
databases are (Fig. 4).

These results also suggest a manageable procedure to
construct a random-coil chemical shift database that would
account for this effect. Indeed, since two nearest neighbors
have the strongest influence, rather than constructing host-
guest peptides for each possible triplet combination, these
8000 motifs can be assembled into several ~100-residue-
long sequences. A 102-residue polypeptide can host 100
different triplets (the last two residues in a triplet becoming
the first two residues of the following triplet) so all 8000
combinations would fit into 80 of these chains. Purifying and
assigning the chemical shifts of 80 different isotope-labeled
100-residue polypeptides at low pH in urea should be time-
consuming but straightforward, as demonstrated in this arti-
cle.

To demonstrate how these triplets could be arranged, we
counted and sorted all the tripeptide motifs (~8 billion in
total) that appear in the NCBI non-redundant protein se-
quence library and assembled them into 102-residue poly-
peptides. The motifs were added sequentially, avoiding re-
peats unless none of the unused tripeptides could fit, in
which case the matching triplet with the highest natural oc-
currence was added again. Using this algorithm, 123 102-
residue polypeptides were required for each of the 8000 trip-
lets to be included at least once. (Note that the tripeptides
that appear several times could be used to estimate errors.) In
addition, since the 4000 triplets with the highest occurrence
account for 80% of all protein sequences (Fig. 5), nearly
complete sequence coverage could be achieved using just 50
102-residue polypeptides.
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#1 AAA Seq 1 AAATAAGAAVAASLLALLLSLAGLLGLAELLEELA. e .. LLRLARAATAADLLKELEKL
#2 LAA B Seq 2  SSSLSSASGGLSGSLGGSGLGVLGIALDLADAAPA...... GASSVLSVASVSLVSAGSAV
#3 AAL Seq 3  ATPALPAGTGLTGATCCGGILAKLAILSRLRELVE...... GLIGADGLDELRRLGRLSKL
#4 ALA Seq 4 ERLVDLVTASTAVELKAAFLLNLLFLANLSPASRS .0 DVLDGSVVVSGVGVSVTLVR
#5 LLA Seq 5 PREAREFLGDLESLEDLGTVLTVAERVLPVLRSAT...... LKLKDLDVVEEVLIDLKSLD
#6 N
#7 LLL Seq 120 CWCWLKMILMDLMRLHQLHKLHFSHISHVGMDGMI...... HEVMSVHERHVIHTAMRAMT
#8 LAL Seq 121 CHWLQCLTCCASHRIHEGHTSMEAWRLMKLMPVHD...... SQNSQDSQFVNFDNRKPFFK
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Figure 5. Assembling the minimum number of 102-residue polypeptides that include all 8000 amino-acid triplets. (A) All the tripep-
tides in the NCBI non-redundant protein sequence database are sorted from #1 to #8000 according to their occurrence rate. (B) The first five
and last four 102-residue polypeptides assembled by sequentially adding either an unused triplet, or if none of these matched, the highest-
occurring matching triplet. (C) The cumulative appearance rate of the sorted tripiptides. Percentage of all the sequences in the NCBI database
covered vs the number of tripeptides (ranked by occurrence rate) included in the analysis.

Around seven million chemical shift values, covering
277 different atom types in 20 amino-acids, are deposited in
the BRMB [55]. However, a relatively small number of
dataset were collected from disordered proteins; only around
150 entries belong to the “Unfolded Protein” category in the
BMRB, and most of them were collected in different ex-
perimental conditions. The limited number of chemical shift
values and different experimental conditions impede a sys-
tematic analysis of the effect on the random-coil chemical
shift from neighboring residues. Mulder and co-workers ap-
plied a delicate mathematical algorithm to derive a random
coil NMR chemical shift library from manually selected (cri-
teria such as pH from 4.5 to 7.4 and temperature from 7 °C
to 31 °C) 14 intrinsically disordered proteins to overcome
this challenge [23]. In contrast, we propose a “brute-force”
approach to overcome the limit number of available data.
According to our observation of the denatured protein with
low sequence complexity, we confirm that the two nearest
neighbors are determinant for the random coil chemical shift
values. Therefore, we can arrange all 8000 triplets into a
manageable number of polypeptide and collect NMR data in
identical strong denaturing conditions. The conditions, 8§ M

urea and pH 2.5, are commonly used in model peptide ap-
proaches [19, 20]. These conditions ensure that the polypep-
tide is completely denatured, to eliminate the potential intrin-
sic structural propensity. In such strong acid condition, how-
ever, the chemical shifts of charged residues differ signifi-
cantly from physiological conditions. Correcting factors to
the pH such as Kjaergaard et al. have studied [21] may be
applied to improve our random coil chemical shift library.

CONCLUSION

We have demonstrated that the amino-acid type of the
two nearest neighbors is the most important factor, other
than the amino-acid type of the residue itself, in determining
the chemical shifts of a residue in a random coil. Our analy-
sis suggests it should be possible to construct a random coil
database that takes this effect into account, thereby improv-
ing secondary-structure predictions. An improved database
of random-coil chemical shifts should also facilitate the
chemical shift assignment process, especially for intrinsically
disordered proteins, by providing good initial guesses.
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NOTE ADDED IN PROOF

During the reviewing process of this manuscript,
Conicella et al [56] published an article discuss the effect of
ALS-related mutation of TDP-43C on the protein phase
separation. In their article, they have deposited the NMR
chemical assignment of TDP-43C under physiological condi-
tions. We compared our physiological condition assignment
(Fig. 4, BMRB 26728) and theirs (BMRB 26823), and no-
ticed that some assignments are not the same from the °N-
'H correlation spectrum: G310/G296, G287/G304, G288/
G400, G380/G402, N390/M359, F316/Q327, A325/A326.
This might be due to condition or construct difference.
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